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Abstract 
 
This report provides a literature review and subsequent list of 
research needs for investigation into pavement deterioration for 
Asset Management Modelling purposes. 
 
In particular, this report provides a review of the ‘Roughness’ 
characteristic of road pavements and explains why this 
parameter is important in a pavement management context. 
 
Current world wide roughness modelling practices are 
reviewed and evaluated with recommendations given for the 
use of model types in a pavement management focused 
research effort, in order to provide realistic benefits to the 
pavement management industry, including government road 
agencies. 
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1.0 INTRODUCTION 
 
 
1.1 BACKGROUND 
 
Road and transport authorities around the world collectively spend large sums 
of money each year enhancing and maintaining their road networks. Road 
users in the majority of countries around the world continue to desire better 
and smoother roads, despite pressure on road authorities to further reduce 
expenditure. This pressure is brought about, because funding for road 
infrastructure is only one of the many priorities competing for Government 
funds.  
 
Not only is there strong competition for funds between the various public 
services, but even within a road authority itself there is strong competition as 
to where the funds are directed. For example, the decision as to the amount of 
road funds directed to densely populated areas with expensive infrastructure as 
opposed to road funds directed to rural road networks that support the very 
economic backbone of states and countries, is a complex problem, and not one 
that is solved without some trade-offs and compromise. 
 
Therefore, to ensure road funding is spent in the most efficient and economic 
manner as possible, engineering pavement managers require effective 
pavement management systems to assist in the decision making process. 
Robust pavement management systems have evolved with advances in 
technology since the 1960’s, however, the use of these tools has increased 
markedly in the past 10 to 15 years (since 1985). 
 
Good pavement management systems require the collection of substantial 
amounts of road condition data over time, to assist in the development of 
pavement deterioration models. The pavement deterioration model is the very 
essence of a pavement management system and is used to determine several 
fundamentals, including : 
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• The rate of asset degradation at both a micro (project) and macro 
(network) level. (engineering decision making and reporting) 
 
• The valuation of road assets (life remaining). (financial decision 
making and reporting) 
 
• Road user costs, including the vehicle operating costs, incurred by 
the public. (economic strategies and reporting) 
 
 
Therefore, if the pavement deterioration models used in pavement 
management systems are inaccurate, it follows that the engineering, financial 
and economic outputs will be uncertain. 
 
“Road Roughness” is consistently recognised as one of the most important 
road condition measures throughout the world. The time series recording of 
roughness data allows pavement managers to assess the roughness progression 
rate of pavements and to take appropriate action accordingly.  
 
 
1.2 PROJECT AIMS 
 
The Literature Review contained herein has been prepared to inform the 
Master of Engineering research project entitled, “The Analysis of Pavement 
Deterioration on Unbound Granular Pavements for use in Asset Management 
Modelling”. 
 
This study aims to determine accurate methods of calculating a pavement’s 
Roughness Progression Rate and thus accurately predict the roughness profile 
of any given road network element over time. This aim will essentially be met 
by this review of current world models, and development and application of a 
methodology to accurately predict the roughness profile of pavements, using 
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roughness data collected by Department of Main Roads (DMR), Queensland, 
Australia since 1987.  
 
Section 9.4 of this document outlines the research to be undertaken, and 
determines how the above aim will be met. 
 
 
1.3 STRUCTURE OF THIS REVIEW 
 
Before undertaking the review of roughness progression models from around 
the world, this literature review devotes Sections 2.0 - 5.0 to discuss important 
contextual information such as pavement management, roughness 
measurement, factors influencing roughness progression, and granular 
pavement design theory. 
 
Section 6.0 outlines the classification system used to describe the fundamental 
workings of different models, and summarises a number of Roughness 
Progression Models, including : 
 
• Family Grouping and Data Fitting Techniques; 
• Probability Based Models; 
• HDM-3 Roughness Incremental Model; 
• HDM-3 Roughness Aggregate Trend Model; 
• Cross-Sectional Analysis; 
• ARRB TR Network Model; 
• ARRB TR Project Model; 
• Artificial Neural Network Models; and 
• Other Related Work and Information. 
 
Within  Section 6.0, three sections are devoted to discussing the HDM-3 
model. The HDM-3 model is one of the most tested roughness progression 
models across the world, and therefore it was deemed appropriate to spend 
some time discussing the background of HDM-3 in Section 6.4. Summaries of 
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the two different model types are provided in Sections 6.5 and 6.6 
respectively. 
 
A review of roughness progression models is undertaken in Section 7.0. This 
section discusses roughness progression modelling in a pavement management 
context, the accuracy and evaluation of models, summaries of the various 
model types are presented, and comments on the models are made.  
 
Section 8.0 provides a summary of the major findings of the literature review 
and discusses further research needs. Subsequently, a research proposal for the 
Master of Engineering project is given in Section 9.0. 
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2.0 PAVEMENT MANAGEMENT 
 
The goal of pavement management is to produce optimised pavement work 
programs at the network level, as well as optimised pavement rehabilitation 
designs at the project level. Within the pavement management process, 
performance predictions are very important in developing optimised multi-
year work programs, as well as for evaluating the life cycle cost-effectiveness 
of project designs (Cheetham 1998).  
 
Gordon (1984) indicated that the monitoring of pavements is required in order 
to provide information on the manner in which they perform and behave. Such 
information can be applied to decision making processes in Strategic Planning, 
asset management, current and future network performance, pavement design 
(checking of current processes), and identification of future rehabilitation 
works. 
 
 
2.1 PAVEMENT MANAGEMENT SYSTEMS 
 
The use of a pavement management system provides reliable information on 
the condition of a network at any point in time, reliable evidence on the 
performance of materials and proprietary products over time, reliable proof of 
the consequences of historical budget allocations and reliable estimates of the 
need of future funding levels. A pavement management system allows fund 
managers to defend budget requests and to evaluate quickly and accurately the 
implications of alternative funding profiles on the resulting condition of the 
highway (Kennedy and Butler 1996). 
 
In essence, a pavement management system, as with all asset management 
systems, allows decision making to be undertaken in an accurate, reliable and 
informed manner in order to ensure the best possible decision, giving due 
consideration to an array of engineering and economic factors. 
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Pavements cannot be managed to the degree desired by decision makers, 
unless detailed accurate information and analysis underpins the system. Road 
roughness data is considered one of the most important pieces of road 
condition information used in practice in pavement management systems. 
 
 
2.2 THE IMPORTANCE OF ROUGHNESS IN PAVEMENT 
MANAGEMENT 
 
World wide, roughness is the most widely used condition parameter because 
roughness data is relatively inexpensive to capture, it is an objective measure, 
it correlates well with road user costs and is accepted as the most relevant 
measure of the long term functional behaviour of a pavement network (Martin 
1996). 
 
A 1996 Coopers & Lybrand survey in the United States of America, showed 
that pavement smoothness is the primary concern of the travelling public 
(Civil-Engineering-USA 1998). Roughness is considered to be a good 
condition measure as it relates well to road users’ perception of acceptable 
‘ride comfort’. 
 
Roughness also assists in predicting future life, which in turn affects (Ping and 
Yunxia 1998) : 
 
• Financial Asset evaluation  
• Prediction of remaining life and overall network condition 
• Evaluation of affordable programs 
• Estimate of future needs 
• Estimate of future condition based on various funding scenarios  
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Realistic and accurate life cycle costing analysis and the subsequent road 
funding scenarios, depend directly on the accuracy of the roughness 
progression model (Bureau of Transport Economics 1985; Cenek and Patrick 
1991; Sood, Sharma K,  et al. 1994).   
 
An indication of the importance of the roughness progression model in life 
cycle costing analysis was highlighted in a 1997 parametric study. This study  
showed that the rates of pavement deterioration (including roughness 
progression)  had the most impact on the annual maintenance and 
rehabilitation costs in a pavement life cycle cost analysis. In other words, the 
single most important factor in a pavement life cycle cost analysis from a road 
agency perspective is pavement performance (Martin and Roberts 1998). 
 
Not only is roughness considered an important measure of road serviceability 
which relates well to road user perceptions, but  the roughness progression 
model used also has an important impact on pavement management decision 
making and reporting processes. 
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3.0 MEASUREMENT OF ROUGHNESS 
 
Roughness is a useful term for the condition of a pavement, because it is a 
condition experienced directly by motorists. It is literally the measure of how 
uneven or irregular a road surface is.  
 
A more detailed definition is provided by Paterson (1987), where roughness is 
described as a composite distress comprising components of deformation due 
to traffic loading and rut depth variation, surface defects from spalled 
cracking, potholes, and patching, and a combination of aging and 
environmental effects. 
 
These definitions are enhanced with an understanding of how roughness is 
measured, as explained below. 
 
Currently, roughness can be measured either by a response type device or by a 
laser profilometer, both of which are discussed below. The analysis of profile 
data supplied by a laser profilometer has led to the development and analysis 
of other additional roughness/profile indices. These include, the International 
Roughness Index (IRI), Power Spectral Density (PSD) analysis, and Spatial 
Repeatability analysis, which are also addressed in this section. 
 
 
3.1 NAASRA ROUGHNESS  
 
In Australia the vehicle mounted NAASRA roughness meter  has been used 
since 1972, to measure road roughness on a network wide basis. The 
NAASRA meter is classified as a Response Type Road Roughness Measuring 
System (RTRRMS). In general, all systems that measure the dynamic response 
of a mechanical device to longitudinal road profile fall into this category. The 
essential part of a RTRRMS is a transducer mounted in a car or a single or two 
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wheeled trailer, to sense and register the relative displacement between the 
sprung and unsprung masses (Cairney, Prem, Mclean et al. 1989). 
 
NAASRA roughness (NRM, in counts/km) is the accumulated sum of the 
vertical movements between the vehicle’s differential and the body of the 
vehicle, where 15.2mm of one way movement (ie. measured in either the up or 
down direction, but not in both) is equivalent to 1 count (Austroads 2000).  
 
NAASRA Roughness is expressed as a number of counts/km and is usually 
reported at intervals of 100m. 
  
The description of roughness in terms of ‘Excellent’, ‘Very Good’, ‘Good’, 
‘Poor’, and ‘Very Poor’ assists readers with a better understanding of the 
NRM roughness measure. To pavement managers, the terms ‘Excellent’, 
‘Very Good’ etc, also depend on the amount of traffic that uses the road and 
the associated road user costs economics. An example of the descriptive 
condition and associated roughness values adopted by DMR is given in Table 
3.1. 
 
 Traffic Ranges : AADT 
Descriptive Condition < 500 501-1000 1001-10,000 >10,000 
Excellent <80 <60 <60 <60 
Very Good 81-95 61-95 61-80 61-70 
Good 96-130 96-110 81-95 71-80 
Poor 131-180 111-130 96-110 81-95 
Very Poor >180 >130 >110 >95 
Table 3.1 Roughness (NRM) Values for Varying Traffic Ranges 
(Department of Main Roads, Queensland, Australia. 2001) 
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3.2 MEASUREMENT BY LASER PROFILOMETER. 
 
Laser profilometers were introduced to Australia in the late 1980s to 
continuously measure a road’s longitudinal profile. The electronic model of 
the shape of the road surface, which is created during this process, can be 
manipulated to give output that correlates with the NAASRA roughness count 
or International Roughness Index (IRI) (Dowling 1998). 
 
 
3.2.1 International Roughness Index (IRI) 
 
The road profile measured by a laser profilometer can be computed into any 
number of  road roughness indices using various algorithms. 
 
Many different road profile based roughness indices were tested in the Brazil 
study, with the most important outcome of this work being the specification of 
an International Roughness Index, or IRI.(Cairney, Prem, Mclean et al. 1989) 
 
The IRI is based on computation of the dynamic response to longitudinal road 
profile of a much simplified vehicle model, the so-called ‘quarter-car’ model 
(Cairney, Prem, Mclean et al. 1989), as shown in Figure 3.1.  
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Figure 3.1  Quarter Car Model  
(Paterson 1987) 
 
By definition the IRI is computed independently for each wheeltrack. This 
presents a problem for road roughness measuring devices such as the 
NAASRA meter, Mays meter, etc, as these meters sense the average of the left 
and right wheeltrack profiles. (Vehicle roll motion is a result of input due to 
the difference between left and right wheeltrack profiles, and, to a large 
degree, is not sensed by the profilometer whereas vehicle bounce motion, 
primarily sensed by the profilometer, is a result of input due to the average of 
the left and right wheeltrack profiles.) In general, a better correlation will be 
obtained between the IRI and measures from two track devices if IRI 
computation is based on the average profile of the two wheeltracks (half-car 
model) rather than the average of the IRI computed independently for each 
wheeltrack (Cairney, Prem, Mclean et al. 1989).  
 
 
The relationship between IRI and NAASRA Roughness Measurement (NRM) 
based on taking the average profile of two wheel tracks and computing IRI is  
given by Equation 3.1. This is often referred to as ‘Profile Averaging Lane 
IRI’ or half-car Lane IRI (Lane IRIhc). 
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NRM = 33.67 * Lane IRIhc  - 1.95    Equation 3.1 
(Austroads 2000)  
 
Figure 3.2 illustrates the regression between Lane IRIhc and NAASRA 
roughness using site data to develop the relationship in Equation 3.1. The R2 
of this relationship was 0.994. 
 
 
 
Figure 3.2: IRI v NRM Correlation (Half-Car Model) 
(Cairney, Prem, Mclean et al. 1989) 
 
 
IRI can also be expressed as the average of the computed IRI of each wheel 
track profile. This is often referred to as ‘Lane IRI Average’ or quarter-car 
Lane IRI (Lane IRIqc). The relationship between NRM and Lane IRIqc is 
defined in Equation 3.2. The R2 of this relationship was 0.990. 
  
 
NRM = 26.49 * Lane IRIqc  -  1.27    Equation 3.2  
(Austroads 2000) 
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The relationship between ‘Single Track IRI’ or quarter-car IRI (IRIqc) and 
NRM is given by Equation 3.3. The R2 achieved for this relationship was 
0.955. 
 
NRM = -0.557 * (IRIqc)2 + 27.50 * IRIqc – 3.47 Equation 3.3 
(Austroads 2000) 
 
In Australia, it is preferred to use the ‘half-car’ model or Lane IRIhc because of 
its close relationship with NRM and the belief that the half-car model allows 
for the true motion experienced by the road user (ie. body bounce and body 
roll). 
 
However, IRI used in road roughness measurement around the world is often 
described by either the single track quarter-car model (IRIqc) or the lane 
quarter-car model (Lane IRIqc). Thus, there is a need for researchers and 
readers to be aware of the different types of IRI that can be used.  
 
 
3.2.2 Power Spectral Density (PSD) Waveband Analysis 
 
In the 1990’s a great deal of effort was invested in researching the PSD of 
longitudinal road profiles.  
 
McManus (1998) explains that a road profile can be modelled as a series of 
sinusoidal waves. A Fourier transformation can determine the amplitudes of 
the sine waves which, when added together, replicate the road profile. When 
the transform is used to demonstrate the distribution of the variance of the 
profile over the set of sine curves, the outcome is a Power Spectral Density 
(PSD) plot. The total area under the plot is a guide to the road roughness. The 
area under the plot over a particular waveband (the Root Mean Square – RMS) 
is an indicator of the contribution of this waveband to the roughness of the 
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road. The plots are presented as PSD of slope to increase the sensitivity of the 
curves to assist analysis. Figure 3.3 shows an example of the Wavelength 
versus the PSD of  Slope plot.  
 
Figure 3.3 : PSD of Slope for two pavements of similar IRI value 
(McManus 1998) 
 
An analysis of the effect of frequency of excitation of heavy vehicle 
suspensions and the resultant damage, indicates that the wavelengths which 
influence the behaviour lie in two ranges. At speeds of 100 km/hr, 
wavelengths below 3m (Short Wavelength Roughness) affect “axle hop” and 
above 5m (Long Wavelength Roughness) produce “body bounce”. The effect 
of body bounce in particular is to cause dynamic loading of the pavement that 
can exceed the design load (McManus 1998). 
 
The reason that much effort has been invested in the study of PSD is because 
many researchers argue that the IRI (or roughness) may be a good predictor of 
car ride, but it is a poor measure of truck ride. Road surface irregularities 
induce the same motions in heavy vehicles as in passenger cars, but with 
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different results; the difference arises from factors related to the suspension 
system and structural differences. (Hassan, McManus and Holden 1999) 
 
PSD analysis is generally used to determine the ‘type’ of roughness that exists 
over a road section, and there are claims that this can also assist in determining 
the mode of rehabilitation works that is most likely required (Hassan, 
McManus and Evans 1998; McManus 1998; Hassan, McManus and Holden 
1999). 
 
McManus (1998) concludes that the subdivision of the road roughness 
spectrum into certain wavebands can aid the special interpretation of pavement 
deterioration because the various wavebands are associated with different 
pavement deterioration modes. The mode and rate of roughness deterioration 
can be predicted by examining the rate of roughness development in each 
waveband over a period of years. It is anticipated that this method of analysis 
can also be used to determine which road sections are subject to higher 
dynamic wheel loads and to identify routes having rough sections for truck 
traffic. 
 
A summary of the Roughness Wavelength and associated Pavement Distress 
Mode is given in Table 3.2. 
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Roughness 
Wavelength 
Ride 
Characteristic 
Waveband 
(Wavenumber cycle/m) 
Pavement 
Distress Mode 
Very Short 
Wavelength - 0 to 0.5m (0 – 2) 
Related to 
surface texture 
Short Wavelength 
Roughness (SWR) 
Associated with 
axle hop in truck 
roughness 
0.5 to 2.0m 
(2 – 0.5) 
Associated with 
defects in the 
upper pavement 
layers, base or 
subbase. 
Medium Wavelength 
Roughness (MWR) 
Associated with 
axle hop in truck 
roughness 
2.0 to 3.0m 
(0.5 – 0.33) 
Associated with 
deformations in 
the subgrade 
Long Wavelength 
Roughness (LWR) 
 
Associated with 
body bounce in 
truck roughness 
3.0 to 35.0m 
(0.33 – 0.028) 
Linked to 
subsidence or 
heave of the 
subgrade 
Very Long 
Wavelength - 
35.0 to 100m 
(0.028 to 0.01) 
Corresponds to 
wavelengths 
found in smooth 
pavement after 
construction 
Table 3.2 : Power Spectral Density (PSD) – Wavelength Definition  
(After Hassan, R A, McManus and Evans 1998) 
 
 
 
The work associated with PSD led to the development of a Truck Ride 
Number (TRN) by Hassan (2001) which it is hoped would assist pavement 
engineers in determining the ‘true’ roughness of a pavement. This study 
involved an experiment where heavy vehicle drivers were used to rate several 
pavement sections on several different highways. The researchers then used 
this data to derive a Mean Panel Rating (MPR). The MPR was compared to, 
IRI, Profile Index (PI), Truck Ride Number (TRN), Body Bounce, and Axle 
Hop frequency ranges. A summary is provided in Table 3.3. 
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 MPR IRI PI TRN 
IRI -0.81 1.00   
PI -0.86 0.88 1.00  
TRN 0.89 -0.90 -0.98 1.00 
Body Bounce  
(LWR – 0.5m to 3.0m) 
-0.84 0.82 0.98 -0.95 
Axle Hop 
(SWR – 3.0m to 35.0m) 
-0.70 0.93 0.70 -0.75 
 
Avg of Frequency Bands -0.77 0.88 0.89 0.85 
Table 3.3 - Correlation coefficients between the different indices  
and dynamic loading frequency bands  
(After  Hassan, R and McManus 2001) 
 
Based on the above results, the authors (Hassan and McManus 2001) 
concluded that the perception of heavy vehicle operators of pavement ride 
quality is sensitive to the long wavelengths in the roughness spectrum. The 
proposed TRN/PI serves as a good predictor of ride quality and can detect the 
existence and extent of LWR better than the IRI. The TRN/PI does not replace 
the IRI but compliments it, as both measures are important to pavement 
engineers to identify the roads that are subject to high dynamic wheel loads. 
 
However, given the correlation of MPR with IRI of –0.81 and the correlation 
of MPR with TRN of 0.89, it is considered that the measurement of roughness 
is a good measure of what truck drivers’ experience. Furthermore, the 
correlation of IRI with SWR and LWR (0.93 and 0.82 respectively), also 
shows that roughness is a good indicator of what truck drivers experience in 
the axle-hop (SWR) and body-bounce (LWR) frequency ranges. 
 
The use of PSD (Power Spectral Density) as a better or additional roughness 
index as opposed to the current IRI or NAASRA roughness is still considered 
to be unproven. The research to date indicates that a Truck Ride Number 
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(TRN) or Profile Index (PI) based on PSD analysis, may only be marginally 
better than the existing IRI or NAASRA roughness measures, and as such may 
be unwarranted. 
 
The costs of producing additional roughness index data and the subsequent 
reporting and interpretation of the data, has not been discussed by any of the 
associated research. These associated costs are considered an important aspect 
in determining whether this type of information should be produced for 
routine pavement management systems and pavement deterioration analysis. 
 
In summary, it appears that the study of pavement deterioration using 
roughness data rather than Power Spectral Density analysis data, is sufficient 
to determine if heavy vehicle dynamic loading causes the pavement to 
deteriorate at a faster rate.  
 
 
3.2.3 Artificial Neural Networks (ANNs) used to predict PSD  
 
It is worth mentioning that recent work undertaken by Ghotb (1999) has  used 
Artificial Neural Networks (ANNs) to predict the PSD from information about 
soil, climate, vegetation, terrain, time, roughness and AADT.  
 
It was concluded that the correlation between the actual PSD and the ANN 
predicted PSD was very high, and that the close association between these two 
values is representative of the ANN’s ability to be trained with a small data set 
and forecast accurately. ANNs may be an effective tool in the prediction of 
PSD, without having to measure it. (A description of the workings of ANNs 
and how they specifically relate to roughness prediction are further discussed 
in Section 6.10) 
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3.2.4 Spatial Repeatability 
 
Spatial repeatability is the extent to which trucks in a normal traffic flow apply 
peak forces to the same locations along the road (Cebon 1999). 
 
The first observation of spatial repeatability under highway conditions appears 
to have been made in 1913 by Crompton  who noted that “commercial 
vehicles now consist of large fleets of wagons which are practically identical 
in all their harmonic features, and as these run over roads as regular as a 
train service on a railway they have severe harmonic effect on the surface”, 
(Cebon 1999). 
 
In 1983 it was noted that three vehicles with different suspensions were all 
excited by the same roughness feature and consequently applied peak wheel 
forces to the same localised area in the vicinity of that feature. In the 
intervening period, air suspensions have become considerably more popular, 
however this does not affect the basic outcome of the theoretical analysis of 
spatial repeatability. The implication is that fatigue failure of pavements is 
likely to be governed by peak dynamic forces at specific locations along the 
road. Any measure of dynamic loading should consider these peak forces 
rather than average dynamic  forces (Cebon 1999).  
 
The OECD’s DIVINE (Dynamic Interaction between Vehicle and 
INfrastructure Experiment) Project reported in 1997 that under mixed traffic, 
dynamic loads tended to concentrate at points along a road at intervals of 
about 8-10m. On a smooth road, the cumulative sum of axle loads at a point 
was about 10%. On a rough road, this effect was at least twice as large at 20%. 
This result implies that, by controlling longitudinal profile, there is scope for a 
reduction in the dynamic wheel loading applied to a road by heavy vehicles 
(Sharp, Sweatman, Addis et al. 1997). 
 
Based on this information, it would seem reasonable to expect that PSD 
analysis would detect any significant Long Wavelength Roughness (LWR) in 
 20
the 8-10m wavelength range and highlight the spatial repeatability problem 
accordingly. 
 
Because roughness data is sensitive to Long Wavelength Roughness as 
defined by PSD analysis, it is concluded that roughness would also be 
sensitive to spatial repeatability.  
 
As such, it could be expected that if a pavement did have a problem in terms 
of spatial repeatability, then this would be manifested by an increasing 
Roughness Progression Rate over time. That is, the dynamic loading induced 
on the pavement due to spatial repeatability would cause degradation of the 
pavement and manifest itself in terms of increasing roughness over time. 
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4.0 FACTORS INFLUENCING THE ROUGHNESS 
PROGRESSION OF PAVEMENTS 
 
Based on a review of the literature, the following variables are considered 
important in roughness progression prediction modelling : 
  
• Traffic loading and type of vehicles, including cumulative loading 
• Pavement type and structure (including seal width) 
• Pavement strength 
• Subgrade strength or classification 
• Climate/environment  
(eg. Rainfall, temperature, Thornthwaite Index) 
• Maintenance costs 
• Time or pavement age 
• Initial roughness value 
 
In general, pavement design procedures determine pavement structure, which 
includes depth and strength of material, for a certain subgrade strength and 
specified traffic loading life. Often, design methods also take into account the 
prevailing climatic and environmental conditions such as rainfall, temperature 
and ground water table. 
 
It can be seen that pavement design parameters account for over half of the 
factors considered by researches to affect roughness progression prediction 
modelling. 
 
The remaining influences identified by researchers such as maintenance costs, 
pavement age and initial roughness value have obvious relations to roughness 
progression over time. The initial roughness value establishes the starting 
point for roughness progression, the pavement age establishes how far the 
pavement has deteriorated in relation to time, and maintenance costs quantify 
the roughness reducing impact incurred.  
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5.0 PAVEMENT DESIGN AND ROUGHNESS 
 
A review of the DMR and Austroads pavement design methods for flexible 
granular pavements established that none of the design input parameters relate 
directly to roughness (Angell 1988; DMR 1990; Austroads 1992). 
 
However, the Austroads method does allow an indirect approach to roughness 
by assuming that the standard method of pavement design provides a 
pavement that will deteriorate from 50 counts/km (NRM) to 150 counts/km 
(NRM) over its traffic load life time. If a pavement is required to have a 
different terminal roughness value at the completion of its traffic loading life, 
the traffic loading is increased (lower roughness) or decreased (higher 
roughness) by a determined factor and the pavement depth re-calculated 
accordingly (Austroads 1992) . 
 
Both of the existing pavement design methods are based on the elastic layer 
method and use an empirical critical subgrade strain based relationship, and 
subgrade strength and traffic loading input parameters, to determine the 
required pavement depth (Edwards and Valkering 1974; Angell 1988; DMR 
1990; Austroads 1992). 
 
The DMR pavement design method specifies different paving materials to be 
used in construction for varying rainfall zones.  
 
Although there is no direct link to roughness in the pavement design methods, 
it is interesting to note that all of the pavement design input parameters 
(subgrade strength, pavement structure, traffic loading and climate) are 
considered important in roughness progression modelling, as was outlined in 
Section 4.0. 
 
Figure 5.1 summarises the relationship between pavement design methods and 
roughness progression modelling. 
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Figure 5.1 Relationship between Roughness Modelling  
and Pavement Design 
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6.0 CURRENT ROUGHNESS MODELLING PRACTICES 
 
Pavement performance prediction models are often regarded as the most 
important component of a pavement management system (Martin 1996). 
 
This section provides a general outline of the classification system used to 
describe the fundamental workings of different models, and secondly details a 
number of Roughness Progression Models, including : 
 
• Data-Fitting Models (Family Groups and Site-Specific); 
• Probability Based Models; 
• HDM-3 Roughness Incremental Model; 
• HDM-3 Roughness Aggregate Trend Model; 
• Cross-Sectional Analysis; 
• ARRB TR Network Model; 
• ARRB TR Project Model; 
• Artificial Neural Network Models; and 
• Other Related Work and Information. 
 
Section 7.0 provides a comparison between the models. 
 
 
6.1 CLASSIFICATION OF MODELS 
  
In his review of pavement performance models, Martin (1996) provides two 
broad classifications of the approaches used to predict pavement performance : 
 
• Probabilistic approaches inherently recognise the stochastic nature of 
pavement performance by predicting the probability distribution of the 
dependent variable.  
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• Deterministic approaches predict a single value of the dependent 
variable from pavement performance prediction models based on 
statistical relationships between the dependent and independent 
pavement performance variables. 
 
 
 
6.1.1 Probabilistic  Approaches (Martin 1996) 
 
Survivor curves of pavement performance over time or cumulative traffic 
loading are usually based on historical records. A survivor curve, or reliability 
function, is literally a graph of probability of pavement condition versus time. 
 
The Markov probabilistic approach is based on the existing pavement 
condition and assumes that the probability of changing from one pavement 
condition state to another pavement condition state is independent of time. 
 
The Semi-Markov approach is a simple modification of the Markov approach 
designed to overcome the independence of time assumption used when 
changing from one pavement condition state to another pavement condition 
state. 
 
Three models that use a probabilistic approach are NOS, TNOS and FNOS 
(Network Operating System, Treatment scheduling Network Optimisation 
System, Financial planning Network Optimisation System).  
 
The approach used in these models is ideally suited to a road network level 
prediction of pavement performance as the model requires limited detailed 
data. The approach is based on a number of significant assumptions about 
probability distributions and future pavement performance based on current 
performance. 
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6.1.2 Deterministic Approaches (Martin 1996) 
 
Deterministic model types are defined on the basis of their derivation and are 
generally classified as mechanistic, mechanistic-empirical or empirical. 
 
The Mechanistic approach is based on a fundamental and primary response 
approach to predicting pavement performance, such as elastic theory. There 
are very few long term performance mechanistic models in existence. 
 
The Mechanistic-empirical approach is based on theoretical postulation about 
pavement performance, but are calibrated, using regression analyses by 
observational data. 
 
The Empirical approach is developed from regression analyses of 
experimental or observed data. These models are useful when the mechanism 
of pavement performance is not understood; however, they should not be used 
beyond the range of data from which the model was developed. 
 
Deterministic models include NIMPAC Model (1981), RTIM Model (1982), 
ARRB Model (1994) and the World Bank HDM-III model (1986). 
 
 
6.2 DATA-FITTING MODELS 
 
This section outlines seven studies which explains various data-fitting 
modelling methods to predict pavement performance. In terms of the broad 
classification of models, all of the models discussed are considered to be 
deterministic-empirical. 
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6.2.1 Study 1 - Auto Adaptive Pavement Performance Prediction Methodology 
(an empirical site specific model) 
  
Cheetham (1998) describes an approach to predicting pavement performance 
that provides site-specific adaption as well as generic feedback for updating 
default model coefficients. The predictive methodology is applicable to a wide 
variety of contexts including prediction of roughness based indices. It can be 
used for both network and project level analysis. 
 
Performance indices are predicted using a sigmoidal model providing a wide 
variety of curve shapes, including straight, convex, concave and sigmoidal (s-
shaped).  
 
Figure 6.1 illustrates an example for a section of road displaying the roughness 
based index, PSR (Present Serviceability Rating) which is calculated from IRI. 
Within this plot the solid triangles are the historical data points for the section, 
and the hollow triangles and line are the predictions from the calculated site-
specific model. The last rehabilitation on this section was in 1984 and ‘time 
now’ is shown by the dark vertical line at year 1995. 
 
This example shows five historic points with ages greater than zero (the zero 
age point is not used in the model regression, but is used in defining the “o” 
coefficient). The PSR range of these points is from 3.5 at age 3 down to 2.7 at 
age 11. Applying non-linear regression to determine model coefficients results 
in o = 3.5, a = 5.311, b = 11.395, c = 1.344 for the general equation  
.) * (
tcba
o ePP
−−=  Where P is the performance index, Po is P at age zero 
(referred to as coefficient “o”), t = loge(1/age), and a,b,c are model 
coefficients. 
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Figure 6.1 : Example 1 of  sigmoidal curve fitting  
(Cheetham 1998) 
 
Figure 6.2 provides a second example displaying the roughness based PSR. In 
this case, the default model has been selected since the site-specific model 
resulted in a life that was beyond the constraint specified for this type of 
pavement. The default coefficients for this treatment and performance class  
o = 3.7, a = 53.425, b = 56.606 and c = 1.020. Although there are the same 
number of data points for the previous example shown in Figure 6.1, (in fact 
both pavement sections are from the same family group) these observations 
show very little deterioration after nine years. 
Figure 6.2 : Example 2 of Sigmoidal Curve Fitting 
(Cheetham 1998) 
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The decision making  process that the model uses to determine the curve 
coefficients to be used is illustrated in Figure 6.3. 
 
Figure 6.3 : Process for the determination of Curve Coefficients 
(Cheetham 1998) 
 
The IRI can also be predicted using a different sigmoidal model. 
 
This model form (referring to the transformed general sigmoidal model) is 
used as a site specific model, that is, each pavement section is analysed in 
terms of the historical performance in order to determine model coefficients 
that most closely match the past performance for the section. This involves the 
use of an iterative non-linear regression analysis to determine the model 
coefficients. The advantages of the site specific modelling approach over other 
models is that the site specific models more closely match the observed 
performance on every section in the network, instead of representing the 
average condition. The model is also auto-adaptive since each year of 
additional data collection results in a refinement of the model for each section. 
This results in minimised prediction errors over the network.  
 
A study by the Ministry of Transportation of Ontario concluded that, the 
results comparing five different prediction methods suggest that empirical, site 
specific models provide the most reliable estimates of pavement serviceability 
(Hajek 1985). This study is discussed further in section 6.2.3. 
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The level of accuracy achieved for the site-specific modelling and predictions 
is dependent only on the accuracy of the measured historical performance 
data. The level of accuracy for the default models produced via the feedback 
analysis, is dependent on the accuracy of historical performance, construction 
history and traffic data.  
 
In essence, this Model does three things : 
 
• Calculates curve coefficients and fits appropriate curves through 
the existing pavement condition  data for each road segment to 
assist in predicting future pavement performance. 
Also refer to Figure 6.1, Figure 6.2, and Figure 6.3 above. 
  
• Calculates ‘default’ curve coefficients for any number of 
predefined ‘families’ of pavements. The default curve coefficients 
are applied through the historical data points when a fitted curve 
cannot be calculated (ie. certain boundary conditions cannot be 
met).  
 
• Both the family default curves and the individual road segment 
curves are automatically updated after each pavement data 
collection. Therefore, this modelling approach could be considered 
to be implemented in a full pavement management context. 
 
 
6.2.2 Study 2 - Evaluation of Flexible Pavement Life in Florida 
 
The primary objective of this study (Ping and Yunxia 1998) was to evaluate  
historical information related to pavement condition survey for determining 
the best estimate of flexible pavement performance life in Florida. 
 
The secondary objective was to evaluate if there are significant differences in 
 31
pavement performance life by geographical region, highway system type, and 
type of project. 
 
This study explains that the method for developing pavement performance 
models consists of fitting the selected models to the observed pavement 
condition data for each pavement section and subsequently establishing 
equations for predicting the parameters of the model using regression analysis. 
The regression equations were a function of pavement performance AGE. The 
variable, AGE, is the most significant factor for predicting PCR (Pavement 
Condition Rating), because it is a common factor in the estimation of both 
cumulative traffic loads and environmental loads over the life-cycle period.  
 
In developing the performance prediction models, it is important to choose a 
function that obeys the prescribed boundary conditions for the variable being 
predicted (PCR). For this study, the models developed should predict the trend 
in PCR with time. Since this rating is defined on a 0 to 10 scale, the models 
adopted must obey these minimum and maximum boundaries. Thus, the 
performance trend may initially start out horizontally, bounded from above by 
a rating of 10, with time, the pavement condition rating decreased, and 
asymptotes to a minimum value of 0. These boundary conditions suggest the 
use of a non-linear, polynomial curve for modelling pavement performance. A 
suitable function that follows this shape is : 
 
3
3
2
210 XaXaXaaPCR +++=    
 
Where PCR = Pavement Condition Rating 
X = pavement age in years 
=3210 ,,, aaaa  regression parameters 
 
A total of 279 pavement sections from the surveyed pavement network were 
selected for curve fitting. A best-fit curve applies to each data set of the 279 
selected pavement sections using a constrained least squares method. An 
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example of this approach based on the polynomial equation is given in Figure 
6.4. 
 
Figure 6.4 : Constrained 3rd Degree Polynomial Curve 
(Ping and Yunxia 1998) 
 
Analysis considering R2, root-mean-square-errors (RSMEs) and the mean 
absolute error, indicate that the polynomial curve fitted the observed PCR 
performance trends quite well. 
 
Limited prediction was also undertaken and compared with the actual results 
of the next pavement condition data collection. Reasonable results were 
recorded.  
 
Using these polynomial curves, analyses were undertaken to evaluate how 
long pavements would last by specific functional class, project type, and 
geographical region. Pavement life was considered to be reached when a 
certain predefined PCR value was reached. The research was able to determine 
the actual pavement life achieved, for comparison and use in pavement 
management cost analyses. 
 
The example shown in Figure 6.5 calculates the life of a particular pavement  
to be 13.8 years, given that the end of life PSR is defined at 6.4. 
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Figure 6.5 : Example of Polynomial Pavement Curve Analysis 
 to Determine Pavement Life 
(Ping and Yunxia 1998) 
 
Polynomial regression curves were also performed on PCR data that was 
grouped together by construction category (ie. reconstruction, resurfacing, 
new construction), as shown Figure 6.6. 
Figure 6.6 : Example of Family Group Polynomial Curve Fitting 
(Ping and Yunxia 1998) 
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The authors do not appear to comment greatly on the ‘construction category’ 
Family Group curve shown in Figure 6.6, however, it can be seen that there is 
a wide spread of results and the polynomial curve provides a poor fit.  
  
 
6.2.3 Study 3 - Performance Prediction for Pavement Management 
 
Work done by Hajek (1985) for the Ministry of Transportation in Ontario 
Canada compared the prediction capabilities of 5 different model types. The 
models compared were : 
 
(i) OPAC model (mechanistically derived) 
(ii) PARS model (empirical, pavement classes) 
(iii) Power curve (empirical, site-specific) 
(iv) Sigmoidal curve (empirical site-specific) 
(v) Factored PARS model (Bayesian approach, site-specific) 
 
Prediction accuracy of the models was quantified in two ways : 
(i) by comparing the observed terminal pavement age with the predicted 
terminal pavement ages calculated for the observed terminal PCI level, and 
(ii) by comparing the observed terminal PCI with the predicted PCIs 
calculated for the observed terminal pavement age. 
 
It was noted that the prediction accuracy of the site-specific models was far 
better than other types.  
 
Of  the two site-specific curve-fitting models, the power curve provided 
consistently more reliable predictions. 
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6.2.4 Study 4 – Serviceability and Distress Methodology for Predicting 
Pavement Performance 
 
Work done by Garcia-Diaz (1984; 1985) for the Texas Transport Institute in 
cooperation with the Texas State Department of Highways and Public 
Transportation, also investigated appropriate curve fitting of actual pavement 
performance data, for use in serviceability prediction.  
 
The proposed model represents an improvement over the form of the original 
AASHO Road Test performance equation in that it predicts more realistic long 
term behaviour. This is achieved through the use of a sigmoidal or S-shaped 
curve that recognises the ability of a pavement to reduce its rate of 
deterioration as the traffic level approaches the service life of the pavement. 
This behaviour, for example, is typical of pavements that have received 
adequate routine maintenance in the past. To evaluate the parameters the 
performance model a least squares curve fit technique is employed using field 
measurements from the data base for flexible pavements available at the Texas 
Transportation Institute.  
 
The shape that a functional performance curve should take, can be deduced 
from the boundary conditions placed on the serviceability index scale as well 
as the long term observations of field data. A statistical procedure used for 
estimating the parameters of the performance relationship guarantees that the 
goodness of fit between predicted and observed data is maximised. 
 
The S-shaped performance curve was found to adequately describe the 
performance of a flexible pavement in Texas as a result of increased traffic 
levels. This behaviour has been analysed primarily in terms of the decrease in 
the Present Serviceability Index (PSI) as a function of the number of  18-kip 
equivalent axle loads. 
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The PSI measures the quality of riding conditions from the point of view of 
the road user. As pavement roughness increases, the PSI will decrease and 
approach zero but not fall below zero. 
 
The analysis of the data in this study revealed four general cases for the curve 
fit. Typical test sections for each case are shown in  
Figure 6.7.  Case (a) displays the full S-shaped curve (26.9% of pavement 
sections), Case (b) displays the upper half of the S-shaped curve (28.6% of 
pavement sections), Case (c) displays the lower half of the S-shaped curve 
(21.3% of pavement sections), and Case (d) displays no noticeable curve at all 
(21.3% of pavement sections). 
 
Figure 6.7 : Typical sections of  PSI curve fitting 
(Garcia-Diaz and Riggins 1985) 
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6.2.5 Study 5 – Pavement Performance Models for the State of Santa Catarina 
(Brazil) 
 
Cardosa (1998) studied three model types and concludes that curve fitting of 
actual performance data using regression was more accurate when compared 
to the models developed by Queiroz - 1981 or Paterson - 1987. 
 
 
A similar methodology to Shahin’s 1987 methodology was adopted for local 
conditions and developed for PCI (Pavement Condition Index) as a dependent 
variable. Briefly, the methodology consists of : 
 
(i) Grouping the pavement segments with similar deterioration characteristics 
such as, pavement rank, surface type, zone, section category, last construction 
date and PCI. Each group is a family; 
 
(ii) Representing the pavement deterioration of each family by the pavements 
with different ages and different surface conditions as a function of time; 
 
(iii) Assuming that the deterioration of all pavements in a family is similar 
and is dependent only on its present condition, the surface condition (for 
example), can be plotted against the pavement age and a curve fitted to 
represent the deterioration curve of that family; and 
 
(iv) The collection of data in further field evaluations is used to feed and to 
improve the pavement deterioration curve. 
 
Regression analyses were carried out relating pavement condition, represented 
by five dependent criterion variables (deflection, roughness, IGG, CR and 
RD), to the predictor independent variables (AGE or N – traffic loading). Five 
types of models (linear, logarithmic, polynomial, power and exponential) were 
considered in the analysis. The selected model for each pair of variables was 
the one that had the best index of goodness of fit, indicated by the regression 
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coefficient (R2) being closest to 1.0.  R2 values for relationships between 
roughness and age in each of  the regions was 0.43, 0.29, and 0.11 
respectively. R2 values for relationships between roughness and traffic loading 
in each of the Regions was 0.69, 0.32 and 0.17 respectively. 
 
Considering the inherent limitations to this study, the methodology used to 
break down the pavement network into three geological-origin-of-subgrade 
based regions appears to be reasonable. Even if the ranges of the dependent 
and independent variables are very similar, the behaviour of the models 
developed for each one of the three geological-origin-of-subgrade regions 
evidences that, certainly, the division of the highway system in some regions 
was a decisive step in this research. 
 
Based on several comparisons conducted with the predictions made by the 
models obtained from this research (regression models) and those made by the 
Queiroz’s and the Paterson (HDM) models, it can be concluded that both these 
models overestimate the predictions made for the pavements of anyone of the 
three regions considered in this study; even though both of these models had 
been developed with data also collected in Brazil. Figure 6.8 shows the fitted 
curves for each Region. Although the graphical reproduction of these graphs is 
poor, they have been kept within the document to show the wide spread of 
results that occur in family grouping methods, and the clear overestimation of 
Queiroz (Eq 1) and Paterson (Eq 3) models when compared to regression 
models. 
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Figure 6.8 : Prediction of Roughness compared to Queiroz (Equ 1) 
Paterson (Equ 3) and Regression (Other Equ) 
(Cardoso and Marcon 1998) 
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6.2.6 Study 6 – Development of Pavement Performance Models for Rural 
Roads 
 
The main objective of this research (Al-Suleiman, Kheder and Al-Masaeid 
1992) was to develop pavement performance models for Jordanian rural roads 
where pavement evaluation equipment and funds are limited. 
 
By using the Tukey method of multiple statistical comparisons, results 
revealed that Jordan can be divided into three climatic regions based on 
rainfall levels. (Region 1 mean annual rainfall (MAR) of 400mm, Region 2 
MAR 50 – 130mm, Region 3 MAR 240 – 290mm). Therefore separate 
pavement performance models were developed for each region. The 
relationship between pavement condition index (PCI) and pavement age, as 
well as traffic loading, were investigated.  
 
The analysis showed that the power function was suitable to model the 
relationship. 
 
Results of modelling indicate that both pavement age and traffic loading have 
significant effects on pavement condition. The introduction of traffic loading 
considerably improved the power of prediction.  
 
The observed R2 values for PCI and Pavement Age 0.71, 0.39 and 0.67 for 
Regions 1,2 and 3 respectively. The introduction of cumulative traffic loading, 
improved the R2 values to 0.89, 0.63 and 0.69 for the same Regions. 
 
 
 
6.2.7 Study 7 – Performance Prediction Development for North Dakota PMS 
 
The North Dakota study (Johnson and Cation 1992) developed overall 
distress, structural and roughness, performance curves for 42 different 
performance class pavements. 
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The original pavement data was categorised into groups based on similar 
characteristics such as surface type, traffic and structure. These groups (or 
families) were then analysed to develop performance curves. This approach 
assumes that pavements with the same grouping will perform similarly 
throughout their lives. This method is easy to understand and modify in the 
future. 
 
The research investigated the use of linear regression analysis, the AASHTO 
power function, and non-linear analysis. It was found that non-linear analysis 
in the form of a fourth degree polynomial, gave the best results for distress and 
structural indices. For example, the average distress index R2 for 42 classes of 
pavements was 0.77.  
 
The research had some difficulty in applying curves to roughness data due to 
problems with the base information. 
 
However, the pavement performance prediction models used in developing the 
overall pavement management system will individually predict the 
performance of every pavement section in the database. Individual section 
predictions are made by using their relative positions to the prediction curves 
that represent them. This is based on the assumption that the decline in 
pavement condition is similar on all sections within the performance group 
represented by the group’s performance curve. The future condition of each 
section is a function of its current condition relative to age. A curve is drawn 
through the index-age point for the section being predicted parallel to the 
representative prediction curve.  
 
In essence, the performance is predicted by the application of an average 
family curve commencing from the current pavement condition value, for 
every pavement section. An example of the development of a distress index 
based family group curve is shown in Figure 6.9. 
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Figure 6.9 : Distress Index S-shaped Family Curve, Non-Linear Analysis 
(Johnson and Cation 1992) 
 
 
 
6.3 PROBABILITY BASED MODELS 
 
Although a small portion of the literature reviewed discussed probabilistic 
methods, there appears to be little information explaining the successful use of 
such methods in the pavement management arena. 
 
Therefore, this section only provides a brief overview of some probability 
methods and their applications. 
 
The Markov and Semi-Markov models aim to predict the changing of a 
pavement from one condition state to another condition state. The following 
summary as been based on several works undertaken by Martin, Ping and the 
BTE, (1985; 1996; 1998). 
 
The Markov approach assumes that the future condition of a pavement is 
based on its existing condition, and that the probability of changing is 
independent with time. Clearly the independence of time on pavement 
condition is not valid as it ignores non load environmental effects (Martin 
1996). 
Distress Index 
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The semi-Markov approach was designed to overcome the independence of 
time assumption by applying the predictions of future condition at time 
intervals of one year to allow for time related and other anticipated effects on 
pavement performance (Martin 1996). 
 
Ping (1998) states that the Markovian technique has been described in detail 
by Butt – 1991, and that the technique is based on determining the 
probabilities associated with pavement in a condition state, either staying in a 
given state or deteriorating to the next state after one duty cycle. A duty cycle 
can be a 1 year effect of weather and traffic loading, or similar measure. A 
Markov decision process was used as the basis for a Pavement Management 
System for the Kansas Department of Transportation in the USA. 
 
The most desirable attributes of the Markov Chain model are : 
(Ping and Yunxia 1998) 
 
(i) Given the most recent actual condition rating of the pavement, the 
model can predict performance from that point on rather than having to 
use an average regression curve. 
 
(ii) The information as to the pavement’s performance up to the current 
point can be brought to bear on future predictions 
 
(iii) The probabilistic nature of the Markov Chain facilitates the 
measurement of risk associated with pavement performance and 
network health. 
 
 
The Bureau of Transport Economics in Australia (1985) adopted the Markov 
technique to develop a road network strategic planning tool. However, 
statements in the concluding remarks provide a degree of uncertainty over the 
use of this technique in this instance. The uncertainty is mainly due to the fact 
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that some assumptions were unable to be verified, and the lack of quality 
empirical information available.  
 
 
6.4 WORLD BANK MODEL HDM-3 : BACKGROUND INFORMATION 
 
The World Bank’s Highway Design and Maintenance Model, HDM-3, 
includes a deterministic mechanistic-empirical based roughness progression 
prediction methodology that is widely used throughout the world. As such, 
this section is quite extensive, in order that a thorough account of the model 
can be given. The purpose of this section is to explain some of the background 
and the fundamental principles behind HDM-3.  
 
In 1993 the World Bank commenced updating their software to version HDM-
4, and have recently released it onto the market. Although HDM4 provides a 
more refined and flexible program, the majority of the underlying principles 
have remained unchanged. (Bennett 1996). 
 
Details of the two model types, the Incremental Roughness Model and the 
Aggregate Roughness Model, are given in Sections 6.5 and 6.6 respectively. 
The Incremental Roughness Model is highly complex and requires lengthy 
computing times to calculate the annual change in roughness, and as such a 
summary model better known as the Aggregate Roughness Model was 
developed to provide a way in which absolute roughness can be determined 
more easily. (Paterson 1987; Paterson and Attoh-Okine 1992) 
 
It should be noted that discussion relating to the suitability and use of the 
HDM models is not considered here, but is deferred until Section 7.0, where 
the review of model types is undertaken. 
 
Sections 6.4.1 to 6.4.4 summarise information from Paterson (1987; 1987; 
1992) to provide an outline of HDM-3’s pavement deterioration concepts, 
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deterioration modelling concepts, comments on model types, and information 
on the empirical data and study techniques used.  
 
 
6.4.1 HDM-3 : Pavement Deterioration Concepts 
 
Road pavements deteriorate over time under the combined effects of traffic 
and weather. Traffic axle loadings induce levels of stress and strain within the 
pavement layers which are functions of the stiffness and layer thicknesses of 
the materials and which under repeated loading cause the initiation of cracking 
through fatigue in bound materials and the deformation of all materials. 
Weathering causes bituminous surfacing materials to become brittle and thus 
more susceptible to cracking and to disintegration (which includes ravelling, 
spalling, and edge breaking). Once initiated, cracking extends in area, 
increases in intensity (closer spacing) and increases in severity (or crack 
width) to the point where spalling and ultimately potholes develop. Open 
cracks on the surface and poorly maintained drainage systems permit excess 
water to enter the pavement, hastening the process of disintegration,  reducing 
the shear strength of unbound materials and thus increasing the rate of 
deformation under the stresses induced by traffic loading. The cumulative 
deformation throughout the pavement is manifested in the wheelpaths as ruts 
and more generally in the surface as an unevenness  or distortion of profile 
termed roughness. Apart from interacting with traffic, and environmental 
effects of weather, seasonal changes also cause distortions which result in 
roughness.  
 
Roughness is thus viewed as a composite distress comprising components of 
deformation due to traffic loading and rut depth variation, surface defects from 
spalled cracking, potholes, and patching, and a combination of aging and 
environmental effects. 
 
The roughness of a pavement is therefore the result of a chain of distress 
mechanisms and the combination of various modes of distress.  
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6.4.2 HDM-3 : Deterioration Modelling Concepts 
 
The process of interactive causes and effects, resulting ultimately in 
roughness, is a key concept in the approach to modelling adopted by Paterson.  
 
The approach adopted by Paterson in the development of the HDM-3 model is 
an example of the empirical method by mechanistic principles. It uses 
comprehensive field data from in-service roads and advanced statistical 
techniques to estimate models that have been structured on mechanistic 
principles. 
 
A description of how the deterioration of a pavement is modelled is given 
below : 
 
The pavement strength (which is summarised in an index, the modified 
structural number), the condition, and the age of the pavement at the beginning 
of the year are given, and the volume of traffic per lane is computed using two 
damage functions to reduce the spectrum of axle loading to a number of 
equivalent 80kN standard axles (ESA). The ages predicted for the initiation of 
cracking or ravelling vary with surface and base type, and when the current 
surfacing age exceeds those, the areas of cracking and ravelling progression 
are predicted. Potholing begins beyond a threshold of the area and severity of 
cracking and ravelling, and progresses by volume. The variability of material 
behaviour is incorporated by estimating the expected times of early failures, 
median failures and late failures for equal thirds of the link length which are 
then treated as sublinks. The increments of rut depth and of roughness due to 
deterioration are then computed for each sublink.  
 
Roughness progression is predicted as the sum of three components:  
 
(i) structural deformation related to roughness, equivalent standard axle 
flow, and structural number;  
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(ii) surface condition, related to changes in cracking, potholing and rut 
depth variation; and  
 
(iii) an age-environment-related roughness term. 
 
Road deterioration is computed as the incremental change in pavement 
condition during each analysis year due to traffic, environment and 
maintenance, and the current pavement condition is updated each successive 
year during the analysis period. 
 
In summary, it appears that Paterson desired to interlink pavement design 
parameters with known pavement deterioration parameters to create a 
comprehensive modelling system that not only predicted roughness 
progression but also enabled broad policy evaluation on key parameters such 
as loading, maintenance effect etc to be undertaken. 
 
 
6.4.3 HDM-3 : Comments on Other Model Types 
 
It is interesting to note Paterson’s comments in relation to other roughness 
prediction model types.  
 
The weakness in the empirical approach of using statistical correlations to 
establish the relationship between distress, as a dependent variable, and 
various pavement, traffic and environmental factors as explanatory variables, 
is that the result may represent only a “fingerprint” of the local situation and 
not necessarily identify the true underlying relationship between the variables. 
For example, the average rate of rut depth progression in mm per year may be 
determined from a set of data, but without pavement, traffic and climatic 
variables to explain variations in the rate of rutting, the relationship is valid 
only for the local sample observed and is not transferable to different 
situations. For example, Potter - 1982 and Way and Eisenberg - 1980 
developed models for roughness progression that were functions of age, and 
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age and climate, respectively, being unable to identify pavement strength and 
traffic effects within the data available, even though the roughness-strength-
traffic relationship is the primary basis of the AASHTO - 1981 and other 
major pavement design methods. 
 
With few exceptions, the earlier models for predicting roughness progression 
treat roughness as an independent mode of distress, attempting to correlate it 
directly to primary factors such as traffic loading and pavement  strength, or 
age, throughout the pavement’s life. What is lacking in them is a clear 
mechanistic association between roughness and the other modes of distress 
such as cracking, potholing and rutting which themselves give rise to some of 
the changes in roughness. Implicitly in some relationships, though not 
expressed explicitly through distress parameters, the acceleration of roughness 
progression that is observed towards the end of the pavement life is due to the 
occurrence and growing severity of surface distress. While there is a need for 
aggregate models that simply relate roughness (or a performance index such as 
serviceability) to primary factors, such models are inadequate for policy 
evaluation and management.  
 
 
6.4.4 HDM-3 : Empirical Data and Study Technique  
 
In order to gain a full appreciation of the process used by Paterson to develop 
the HDM-3 model, a brief account of the study technique and collection of 
empirical data process is presented below. 
 
The long duration of the life cycle of paved roads, with surface distress 
occurring after eight to twelve years and roughness reaching limiting levels 
after fifteen to forty years, necessitates special attention to study techniques. 
 
For in-service deterioration, the greatest utility is realised by monitoring a 
sample of pavements during a medium period in the order of five years, which 
provides a “window” or “snapshot” of part of the lifecycle of those pavements. 
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By including a range of pavement ages, types and strengths, of traffic, and of 
climate, selected according to an experimentally-designed factorial which will 
permit a sound statistical analysis of the primary factors, it is possible to 
achieve reliable models of the whole life-cycle from a manageable sample of 
pavements in a comparatively short period of time. (That is, time-series 
analysis was combined with cross-sectional analysis to give a statistically 
reliable method of sampling.) 
 
The approach thereby includes the full scale, long term effects of environment, 
age and mixed traffic in realistic loading regimes, and is constrained only by 
the logistics involved for the number of pavements in the sample, which grows 
rapidly as the number of factors in the factorial is increased. 
 
The 3 to 5 year study periods were the minimum periods necessary to achieve 
adequate resolution of the trends of condition and the development of 
empirical distress models. Paterson derived the HDM model from a base of 
116 pavement sections of a maximum length of 720m. These consisted of 74 
granular, 11 cemented, and 33 overlaid sections. 
  
The study of Brazillian roads between 1976 and 1982 was the primary data 
source utilised in this study. Other empirical studies including two factorial 
studies in Kenya and Ghana and network sample studies in Arizona, Kenya, 
Tunisia, Texas, Colarado and Illinois were used to test the validity of the 
model. 
 
In order to gain an understanding of the data used by Paterson in developing 
the HDM roughness progression model, it is useful to view a sample of the 
roughness progression data taken from the Brazillian study as displayed in 
Figure 6.10. The most distinguishing feature of  Figure 6.10 is the variability 
in the rate of roughness progression for the variety of pavement ages 
monitored. 
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Figure 6.10 : Sample of 5 Year Roughness Progression  
  Trends Brazil Study 1975-82. 
(Paterson 1987) 
 
 
6.5 HDM-3 INCREMENTAL ROUGHNESS MODEL 
 
6.5.1 HDM-3 Incremental Model : Model Summary 
 
A detailed account of the model is given in chapter  8.4 of The Highway 
Design and Maintenance Standards Series – Road Deterioration and 
Maintenance Effects (Paterson 1987). 
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The model for the change in roughness (ΔRt) was structured on the following 
concept : 
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Roughness progression calculated by determining the change in roughness is 
predicted by the following equation : 
 
ΔRId = 13 kgp [134 EMT (SNCK + 1)-5.0 YE4 + 0.114 (RDSb – RDSa) +  
  0.0066 ΔCRXd + 0.42 ΔAPOTd] + kge 0.023 RIa 
 
Where : 
 
ΔRId =  the predicted change in road roughness during the analysis year due 
to road deterioration, in QI 
 
kgp =  the user specified deterioration factor for roughness progression 
(default value 1.0) ( a calibration factor for local conditions) 
 
kge = m/0.023 =  the user specified deterioration factor for the environmental 
related annual fractional increase in roughness (default value 1.0) ( a 
calibration factor for local conditions) 
 
EMT = exp (0.023 kge AGE3); AGE3 = Construction age; being the age since 
the latest overlay, reconstruction or new construction activity. 
 
SNCK = the modified structural number adjusted for the effect of cracking, 
given by: SNCK = max (1.5; SNC - ΔSNK) 
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ΔSNK = the predicted reduction in the structural number due to cracking 
since the last pavement reseal, overlay or reconstruction (when the surfacing 
age, AGE2, equals zero), given by : 
ΔSNK = 0.0000758[CRXa HSNEW + ECR HSOLD]  
(cracking and excess cracking terms – refer to p 107 of (Paterson, Bhandari 
and Watanatada 1987)) 
 
SNC = Modified Structural Number 
 
YE4 = The number of ESA for the analysis year in millions/lane 
 
RDSa ,RDSb = The standard deviation of rut depth (across both wheel paths) 
in mm 
 
ΔCRXd = increase in indexed area of cracking, % 
 
ΔAPOTd = increase in area of surface patching, % 
 
RIa = Roughness, in QI 
 
 
The above equation indicates that the HDM-3 Incremental Model for the 
prediction of roughness progression is complex and requires many input 
variables including detailed surface distress data. 
 
It is claimed that the above model is transferable due to its mechanistic-
empirical approach by undertaking a ‘calibration’ of the model through the 
application of ‘k’ factors which adjust the rate of deterioration from the base 
model equation. 
 
When the above equation for ΔR(t) was compared to various data sets, an R2 
of between 0.56 and 0.75 was achieved. (Paterson 1987; Paterson, Bhandari 
and Watanatada 1987; Martin 1996). 
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6.5.2 HDM-3 Incremental Model : A Review of Applications of the Model 
 
In Martin’s (1996) review of applications of the HDM-3 model across the 
world, he found :  
 
(Note :  The statement, “With reference to”,  at the end of a dot point, denotes 
that the direct reference is not included in this review, thus the document has 
not been referenced in the usual manner) 
 
• The model was found unsuitable for road network conditions in France. 
With reference to PIARC 1995. 
• The model needed significant adjustment when it was adapted to other 
Western European road networks. With reference to Srsen 1994. 
 
• South Africa. The relatively high quality and well maintained South 
African surfacings and pavements cause the environmental factor ‘m’ to 
have about 50% less impact than that predicted by the Incremental Model. 
With reference to Kannemeyer & Visser 1994. 
Accurate calibration of the detailed surface distress components was not 
possible due to lack of detailed data.  
The uncalibrated model predicts slightly higher rutting depths than 
observed in estimating its influence on roughness, but the predicted rutting 
in overlays and reseals is the same as that observed. 
 
The  calibrated model appears to be a good predictor of roughness changes 
on South African roads. 
• Canada. The lack of detailed distress data, rutting data, strength data, led 
them to believe that the calibrated roughness progression was not likely to 
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accurately predict roughness changes in the long term. With reference to 
Bein, Cox, Heinman, Huber and Chursinoff 1989. 
• United Kingdom. The calibration factor of HDM-3’s rutting progression 
component was increased threefold to match the UK model’s predictions. 
With reference to Wyley, Petts and Brooks 1986. 
• Thailand. The cracking component had to be re-calibrated to match 
observed behaviour. The whole-of-life costing module was biased toward 
thin surfacings, because of the assumption in the model that maintenance 
of these surfacings is regular and of a high quality. When maintenance 
practices are not of this standard, thicker surfacings are apparently more 
economic as they are less dependent upon regular maintenance. With 
reference to Riley, Bennet, Saunders and Kim 1994. 
 
• Australia. Several different trials have been carried out by different 
authorities, and generally have been unsuccessful due to the lack of 
detailed pavement condition data. With reference to Chamala and Cox 
1994; McManus 1994; Oppy and Parkin 1994. 
 
 
Outside of the review by Martin, the following accounts were also found : 
 
• New Zealand. NZ’s experience reported in 1998, concluded that the 
resulting fit of the prediction model to the observed roughness progression 
(R2 = 0.76) is satisfactory, given the short time period of 2 to 3 years over 
which the roughness progression have been investigated. NZ also 
concluded that detailed data to determine the local calibration factors was 
not available (Fong and Cenek 1998). 
• A paper by Han (2000) based on the Western Australia road network, 
proposed a new model based on HDM-3. The new model replaces rutting, 
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cracking, patching and potholing with variables constructed from 
maintenance records. The surface defects have been dropped because good 
maintenance practices in the study area prevents ruts, cracks, and potholes 
from developing so far as to critically affect roughness. In the new model, 
the modified structure number in the traffic-related term is replaced by 
falling weight deflection results.  
 
The model equation based on HDM-3 is: 
 
t
t
t RM)RResealtNEDEFeR Δ++Δ+Δ=Δ δθβα γβ (4  
 
Where: 
 
DEF = falling weight deflection (mm) 
Reseal = times of reseal during the period Δt (times) 
ΔRM = routine maintenance during the period  Δt (square metres of 
patching per lane kilometre) 
θ, δ = parameters to be calibrated 
Other variables = same as HDM-3 equation. 
 
The study observed 36 road segments. 
 
Maximum likelihood hill climbing procedures were used to estimate the 
model coefficients. Although it is a little unclear in the paper, it is thought 
that R2 of 0.603 relates to the accuracy of the roughness prediction gained 
by this method. This is a reasonable result. 
 
An explanation of the model coefficients derived is interesting, and are 
listed below: 
 
β = 0.018; indicates that the annual increase in roughness due to ageing 
and environmental effects is about 1.8% 
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θ = -0.099; indicates that each reseal decreases roughness by 9.9% 
 
δ = -0.00126; indicates that one square metre of patching per lane-
kilometre decreases roughness by 0.126% 
 
γ = 3.2906; indicates that the weaker the road is the faster it deteriorates 
 
α = 6.7601; indicates how fast deterioration will be on older, weaker roads 
with more heavy trucks. 
 
The research indicates that good routine maintenance and resealing 
practices does provide lower deterioration rates. 
 
• Reviews by the Australian Road Research Board (ARRB) Transport 
Research  (Martin 1994;1996) indicates that generally the 1987 and 1992 
HDM-3 models over estimate pavement  deterioration. 
 
 
6.6 HDM-3 : AGGREGATE ROUGHNESS MODEL 
 
6.6.1 HDM-3 Aggregate Model : Model Summary  
 
Paterson  (1987) explains that the Incremental Model, which models the 
manner in which roughness evolves from surface distress, is too complex for 
many applications to policy issues because it involves the iterative simulation 
of each type of distress and requires processing through extensive algorithms. 
Therefore, when the need is solely to predict roughness and the preference is 
for a closed-form solution, such as in regular pavement design or the 
evaluation of road damage costs and user charges, then a simple form is 
required. Thus, it is proposed that Aggregate Model would be suitable for 
pavement management systems. 
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The Aggregate Model, which predicts the absolute roughness, is structured on 
the following concept : 
 
),, , (1 tenvironmentrafficagepavementstrengthpavementfRt Σ=  
 
Roughness progression is predicted by the following original equation :  
 
t
tt eNESNCRIRI o
 0153.099.4 ])1(725[ −++=    (Paterson 1987) 
 
 
In a later publication (Paterson and Attoh-Okine 1992), this same equation 
was slightly modified for pavements that do not have extensive surface 
distress data. The modified equation should preferably be only applied to 
pavements that are maintained at low cracking levels (< 30% of area).  
 
The modified equation is : 
 
t
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Where : 
RIt = roughness at pavement age (IRI) 
RI0 = Initial Roughness (IRI); at time t=0 
SNC = Structural number modified for subgrade strength 
NE = cumulative traffic loading at time t (age) 
m = environmental coefficient 
t = age 
 
When the above equation for R(t) was compared to the observed data set, an 
R2 of 0.75 was achieved. However, most of this apparently good fit is 
attributed to the fact that R(t) correlates well with R0. When ΔR(t) data (over 
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the four year study period) is compared to the actual ΔR(t) observed data, the 
R2 value drops to 0.15. (Paterson 1987; Martin 1996) 
 
 
6.6.2 HDM-3 Aggregate Model : A Review of Applications of the Model 
 
The only account found in the literature, was produced by Cenek (1991) from 
New Zealand. 
 
The HDM-3 Aggregate Model (original equation, not modified equation) was 
applied to pavement performance prediction without the need for recalibration. 
A reasonable R2 of 0.69 between the predicted and observed data was 
achieved. 
 
Cenek indicates that the sensitivity of model for changes to parameters (for 
New Zealand conditions), show that for low traffic loading, the predicted 
roughness is influenced most by the initial roughness value. For high traffic 
loading, the predicted roughness is sensitive to the power of the structural 
number, the modified structural number, and the initial roughness, with the 
power of the structural number causing the largest change of over 22%. 
 
This analysis indicates that when using the aggregate roughness trend model 
care should be exercised when calculating the modified structural number, 
particularly for heavy trafficked road sections, and the initial roughness value 
should be precisely known. 
 
 
6.7 CROSS-SECTIONAL ANALYSIS 
 
Cross-sectional analysis, or a “slice-in-time” approach, takes a snapshot of the 
road network at point in time. The pavement roughness and pavement age 
information gained during this process is plotted to graph the relationship of 
age versus roughness for similar pavement types (or families of pavements). 
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Therefore, an age based roughness progression curve can be constructed. 
 
Analysis undertaken by Main Roads Queensland (2000a) used this process to 
develop pavement roughness progression curves for their pavement life cycle 
cost analysis tool Paminet Scenario (2000b). However, due to some 
uncertainty in the trends of the older-aged pavements, Paminet Scenario used 
the ARRB TR Network Model to better model this part of the age curve. The 
ARRB TR Network Model is further discussed in Section 6.8.  
 
It should be noted that cross-sectional analysis done in this manner only 
represents the performance of the average road. 
 
Main Roads highlighted some of the perceived risks of this method as being : 
 
• There is a risk that the selected road samples to determine the 
deterioration model will not adequately relate to all pavement types 
and conditions throughout Queensland in a Network model. 
 
• There is a risk that the deterioration model will not be of adequate 
accuracy.  
 
There was no discussion regarding the achieved accuracy and it is assumed 
that this will be determined over time. 
 
In Martin’s Review of Pavement Performance Relationships (1996),  and in 
particular his review of the NIMPAC Model which used cross-sectional 
analysis to define roughness deterioration relationships, he included the 
following summary from Stevenson and Servais’ 1975 research.  
 
The study appears to have relied upon a cross-sectional road sampling or a 
“slice in time” approach when relating roughness to pavement age. The cross-
sectional sampling approach assumes that roughness progression can be 
determined from the roughness conditions existing on road samples taken at 
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the same point in time. This approach does not directly consider that the 
maintenance and rehabilitation history of the samples also influences the road 
samples’ existing roughness condition. Reliable maintenance and 
rehabilitation data is difficult to obtain so one of the major variables 
influencing roughness progression are only inferred by this approach, rather 
than by measurement over time on the same sample. Problems in accuracy 
and definition of various aspects of the data appear to be the reason for the 
relatively simple roughness model. 
 
It is interesting to note that Paterson’s  work (1987) in developing the  
HDM-3 roughness progression model, included a cross-sectional analysis of 
pavement samples over a 3 to 5 year period. (Also refer to Section 6.4.4 in 
this report for more information). 
 
It could be summarised that cross-sectional analysis is inappropriate for use if 
one level of roughness data (or, current roughness data) is to be compared to 
one level of pavement age data (or, current pavement age). It is more 
appropriate to use cross-sectional analysis in investigating the roughness 
progression rate experienced by pavements over a period of three years or 
more. The higher the number of years able to be observed, the more reliable 
the analysis is expected to be. 
 
 
6.8 ARRB TR : NETWORK MODEL 
 
ARRB have developed two distinctly different roughness progression model 
types, the Network Model and the Project Model. The Network Model is 
discussed in this section whilst the Project Model is discussed in Section 6.9. 
 
The Network Model is intended for use to undertake broad Network analysis 
to arrive at annual maintenance budgets for certain roughness limits and 
provide maximum life cycle benefits. Once the budget and the roughness 
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limits have been determined for each road type, they can be applied as 
constraining inputs into the Project Model analysis (Martin and Roberts 1998) 
 
Martin, (1994)  presented a Network Roughness Progression model for 
Australian granular pavements. This initial study was based on data collected 
and analysed for 33 road segments. In 1998, the model was recalibrated using 
additional pavement deterioration data (Martin 1998;2000). 
 
The reason ARRB developed another roughness progression model, rather 
than simply calibrating HDM-3, is because HDM-3 does not directly address 
the influence maintenance practices has on pavement deterioration (Martin 
1994). 
 
Although the consequences of maintenance practices are dealt with in HDM-
3’s incremental roughness model, the model requires detailed data on 
pavement surface distress conditions such as cracking, patching, potholing and 
rutting. The HDM-3 incremental roughness model is based on correlations  
between roughness and these other forms of pavement distress. Detailed 
information about these other forms of pavement distress is difficult and 
expensive to collect, and most Australian road agencies do not have the data in 
a form which represents specific categories of arterial roads. One of the aims 
of the ARRB pavement model is to predict the influence of maintenance 
expenditure on the future surface condition of the pavement, using roughness 
as a proxy for surface condition. Road roughness measurements are relatively 
easy to collect compared to the surface condition data required by HDM-3 
(Martin 1994). 
 
A comparison of the HDM-3 Model and the ARRB Network Model, indicates 
that the HDM-3 model significantly over-estimates pavement deterioration 
relative to the ARRB models for most variables (Martin 1994;1996).  
 
A summary of the operation of the complete Network Model, including life 
cycle cost analysis, is shown in Figure 6.11 . Of particular interest in Figure 
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6.11, are the fixed and varied input variables, the roughness progression model 
and the output able to be produced.  
 
Figure 6.11 : ARRB TR Network Model Pavement Performance within 
the Life Cycle Cost Analysis Process 
(Martin 1998) 
 
The ARRB Network model equation is : 
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This could also be represented as : 
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Where : 
 
ΔR(t) = cumulative increase in roughness from time t=0 to time (t) 
Kr = calibration factor 
I = Thornthwaite Index (Climate Index) 
SNCd = design modified structural number for pavement/subgrade 
AGE = number of years since construction, or last rehabilitation 
L = traffic load in millions of ESAs (MESAs)/lane/year 
ME = annual pavement related maintenance expenditure (in $/lane-km) 
Sum of annual pavement related routine and periodic maintenance 
R0 = initial roughness at time t=0 
R(t) = total roughness at time t (= pavement age) 
 
The above equation for ΔR(t) was calculated and compared with the actual 
data for ΔR(t), resulting in an R2 value of 0.56 (Martin 1998). This is better 
than the R2 of between 0.31 and 0.35 achieved by the original version (1994) 
of the Network model (Martin 1996).  
 
It is claimed that when the Network Model was compared with the Project 
Model (discussed in Section 6.9) for the same actual performance data, the 
Network Model outperforms the Project Model. The Network Model achieved 
a ΔR(t) : R2 = 0.56 compared to the Project Model  ΔR(t) : R2 = 0.36 (Martin 
1994;1998).  
(Note: ΔRt is used to calculate R2, and not Rt. Also refer to Section 7.2) 
 
A comparison of the HDM-3 models with the ARRB Network model was 
found to give the results as listed in Table 6.1. 
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Road Type Roughness Prediction Model R(t) Data r
2 F SE (IRI) 
HDM-III Aggregate roughness R(t) 0.62 6.5 (p<0.01) 0.56 
HDM-III Aggregate roughness in ΔR(t) 
terms 0.06 
0.2 
(p>0.1) 0.54 
HDM-III Roughness progression ΔR(t)  
(rutting only) 0.37 
2.3 
(p<0.05) 0.44 
National 
Highways  
(31 samples) 
ARRB Roughness Progression ΔR(t) 0.5 4.0 (p<0.01) 0.43 
HDM-III Aggregate roughness R(t) 0.86 50.9 (p<0.01) 0.3 
HDM-III Aggregate roughness in ΔR(t) 
terms -0.29 
-1.8 
(-) 0.3 
HDM-III Roughness progression ΔR(t)  
(rutting, cracking & patching*) 0.16 
1.6 
(p>0.01) 0.24 
Rural Arterials  
(46 samples) 
ARRB Roughness Progression ΔR(t)* 0.26 2.8 (p<0.05) 0.29 
Note : * Constrained Parameters – Non linear analysis set with time coefficient to be ≥ 1; 
other coefficients ≥ 0. 
 
Table 6.1 : Comparison of Roughness Models 
(Martin 1996)  
 
Martin (1996) concludes that the calibrated HDM-3 roughness models (in both 
aggregate roughness and aggregate roughness progression forms) do not 
provide a sound statistical basis for predicting roughness progression on 
Australia’s national highways and rural arterials. However, the ARRB model’s 
roughness prediction performance, although not particularly good, is relatively 
better than the other models examined. The ARRB model is statistically 
significant. 
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6.9 ARRB TR : PROJECT MODEL 
 
The Project model is based on detailed distress components (similar to HDM) 
which can be used in the detailed planning to determine the right treatment 
option for input into an annual maintenance treatment program. Roughness at 
the project level is estimated for various treatment options in order to 
determine the best whole of life cycle cost treatment. 
 
From the literature reviewed (Martin and Roberts 1998; Roberts, J. D. and 
Roper 1998; Roberts, J. D., Roper and Moffatt 1999), ARRB does not appear 
to have provided detailed reasons as to why HDM-3 has not been used for this 
project level work. In any event, ARRB have determined that reliable project 
level models suitable for Australasian conditions, especially for chip sealed 
full depth unbound granular pavements, were not readily available, and it was 
therefore decided to formulate new models. Hence, the Project Model was 
developed. 
 
A summary of the operation of the complete Project Model, including life 
cycle cost analysis, is shown in Figure 6.12. This Model is much more 
detailed when compared to that of the Network Model shown in Figure 6.11. 
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Figure 6.12: ARRB TR Project Model Pavement Performance  
within the Life Cycle Cost Analysis Process  
 (Martin 1998; Roberts, J. D. and Roper 1998; Roberts, J. D., Roper and 
Moffatt 1999) 
 
The model has been developed from data collected from long term pavement 
performance sites for a period of between five and ten years, and reported by 
ARRB between 1995 and 1997.  
 
The modelling approach appears to be much aligned with the HDM model, 
however no equations have been sighted in the literature that enable a clear 
comparison. The literature has not made direct comparisons of the Project 
Model predictions to other models predictions, including HDM-3. 
 
The application and comparison of the ARRB TR Project Model with other 
models should be monitored as ARRB develops this model over time. 
 
 
 
 
 
 67
6.10 ARTIFICIAL NEAURAL NETWORKS (ANNS) 
 
To date, models developed for predicting roughness have concentrated 
primarily on the expected or average future performance of the pavement, with 
the outcome based on statistical prediction methods (Attoh-Okine 1994). 
 
Models for predicting roughness progression have been developed on the basis 
of traffic and time-related models, interactive time, traffic, or distress models. 
These models differ in form, in level of initial roughness, and in the influence 
of roughness on the subsequent progression rate. A characteristic feature of the 
models is that they are formulated and estimated statistically from field data. 
To date, modelling pavement performance has been extremely complicated; 
no pavement management system (PMS) can consider more than a few of the 
parameters involved, and then only in a simplified manner (Attoh-Okine 
1994).  
 
Research traditionally uses multiple linear regression techniques to predict 
pavement serviceability, with most researchers agreeing that no single 
prediction model applies to all pavements. This is due to the high variability in 
the number and type of pavement characteristics measured by each agency for 
its pavements, as well as the summary pavement performance indicators used 
(Roberts, C. A. and Attoh-Okine 1998). 
 
ANNs have been shown to offer a number of advantages over statistical 
methods. The ANN tasks include prediction, knowledge processing, and 
pattern recognition. ANNs offer a number of advantages over more traditional 
statistical prediction methods, as they are capable of generalisation, and 
because of their massive parallelism and strong interconnectivity, they are 
capable of offering real-time solutions to complex problems (Attoh-Okine 
1994).   
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6.10.1 ANN Description 
 
Designed from a blueprint of the brain that simulates the brain’s capacity to 
think learn through perception, reasoning and interaction, ANNs can be 
considered a form of AI (Artificial Intelligence). Important characteristics of 
an ANN is its  ability to “learn” and “adapt” and its flexibility and parallelism. 
They can operate simultaneously on both quantitative and qualitative data, and 
they naturally process many inputs and have many outputs that make them 
readily applicable to multivariate systems (Attoh-Okine 1994). 
 
An ANN has the ability to “learn” from given data and avoids the bias 
problem. When properly trained, an ANN can directly estimate outputs from 
the input data set without having to understand the internal relationships 
between the data (Huang and Moore 1997).  
 
 
6.10.2 ANNs’ Applicability to Pavement Modelling 
 
Hudson and Haas (Roberts, C. A. and Attoh-Okine 1998) recently reviewed 
the last 25 years of pavement management experience and research and 
reported several issues and needs that must be resolved for PMSs to continue 
to progress, one of these being to develop better methods of estimating 
pavement deterioration. ANNs may be one of these. 
 
Among the useful features of ANNs, several are favourable for pavement 
prediction modelling. The first is it ability to represent any arbitrary nonlinear 
function. Whereas in regression analysis relationships are needed, or at best 
pre-specified nonlinearity, the neural net finds its own function without the 
constraint of linearity. The other useful features are its ability to generalise a 
relationship from only a small subset of data, to remain relatively robust in the 
presence of noisy (ie. containing random error) inputs or missing input 
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parameters, and to adapt and continue to learn in the face of changing 
environments (Roberts, C. A. and Attoh-Okine 1998). 
 
Martin, (1998) comments on future forms of pavement performance models, 
determining that mechanistic-empirical based deterministic pavement 
performance models may not be in an explicit mathematical form if the 
dependent and independent variables are related using the ANN approach. The 
ANN approach appears to provide prediction models that are superior in 
performance than those currently developed using regression analyses. 
 
Many classification and pattern recognition problems can be expressed in 
terms of ANNs (Bock 1997).  
 
Figure 6.13 shows a sample of roughness progression patterns shown from 
Paterson’s HDM-3 work. From this figure it is expressly clear that the 
roughness progression phenomena is complex, and may suit pattern 
recognition methods rather than statistical regression analysis and associated 
modelling. 
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Figure 6.13 : Sample of 5 Year Roughness Progression Trends 
Brazil Study 1975-82. 
(Paterson 1987) 
 
 
6.10.3 ANN Construction 
 
The first steps in constructing an ANN are : 
 
1) The independent variables are arranged into the Input layer. Each 
independent variable point is a ‘neuron’ or ‘processing element (PE)’. 
 
2) The output layer is defined. (eg Roughness Yr 1,2 . . .etc) 
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3) ‘Hidden layers’ are established between the input and output layers. The 
user can define the number of hidden layers required. In most cases, the 
user will trial and error a number of different hidden layer constructs.  
 
PE’s of each layer are fully connected to successive layers, but are generally 
not connected within the layer. 
 
An example of a processing element is shown in Figure 6.14. In this figure, xi 
indicates the lower layer input variable I, wji represents the weight between 
variable i and adjacent higher layer node j, and yi  is the output from neuron j.  
 
 
Figure 6.14 : Diagram of a Processing Element (PE) 
(Huang and Moore 1997) 
 
 
The connection of PE’s between layers establishes a network. Figure 6.15 
through Figure 6.18 (inclusive) show some examples of ANN architecture. 
 
Secondly, the network is trained using actual data. Not all available data 
should be used, as some data should be set aside to enable testing of the 
accuracy of the trained ANN. In the training phase the connection weights are 
modified in response to stimuli presented at the input layer and output layer. 
Unlike traditional expert systems in which knowledge is organised in the form 
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of rules, neural networks generate their own rules by learning from given 
examples.  
 
The output of each Processing Element (PE) of the hidden layer is computed 
by means of a transfer function which is based on something known and is 
usually a step function or a sigmoid function. 
 
The connection weights are initially defined randomly and then calibrated by 
comparing, for all different patterns “m”, the estimated outputs with the actual 
outputs used as targets. The adjustment of the weights is performed by 
distributing the computed error among different Processing Elements in the 
network. The technique adopted for this adjustment is usually called “Error 
Back-Propagation”.  
 
The basic process of a Back-Propagation Neural Network (BPNN) are : 
 
1) establish the number of layers; 
2) establish the number of PEs in each layer; 
3) assign initial weights of all connections between these layers; 
4) determine the learning rate for each layer, momentum value, 
transfer function, and learning rules; 
5) calculate the output for each PE in the output layer and the error 
between the output value and desired value of each output PE when 
knowing the input vector; 
6) adjust all weights on the basis of the error, learning rule, and 
momentum; 
7) repeat steps 5 and 6 until the error is reduced to the global 
minimum (convergence criteria) or given success rate. 
 
Thirdly, testing and indeed the success of ANN is determined by 
running ‘fresh’ data through the ANN and once again comparing 
the estimated outputs with the actual outputs. A healthy correlation 
 73
of this data is reported as an indicator of the success of the 
network. 
 
Figure 6.15 : Example of Fully Connect Neural Network Architecture 
(Huang and Moore 1997) 
 
 
Figure 6.16 : Schematic Description of ANN used on LTPP Data 
(La Torre, Domenichini and Darter 1998) 
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Figure 6.17 : Left – Dot Product ANN; Right – Quadratic Function ANN 
(Roberts, C. A. and Attoh-Okine 1998) 
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Figure 6.18 : ANN topography used for PSD Prediction 
(Ghotb and Calzini 1999) 
  
 
 
6.10.4 Study 1 – Predicting Roughness Progression in Flexible Pavements  
Using Artificial Neural Networks 
 
In this study (Attoh-Okine 1994), the capabilities of artificial neural networks 
(ANNs) are evaluated in predicting roughness progression in flexible 
pavement from structural deformation (function of modified structural 
number), incremental traffic loadings, extent of cracking and thickness of 
cracked layer, incremental variation of rut depth, Surface defects – which are 
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the function of changes in cracking, patching and potholing, and 
environmental and non-traffic related mechanisms. 
 
The aim of the paper was to evaluate the capabilities of ANNs in predicting 
roughness progression in flexible pavements using the above listed 
parameters. 
 
The back propagation learning algorithm, also known as the generalised data 
rule, was used in the learning process. The sigmoid activation function was 
used. 
 
The testing of 56 data points resulted in good correlation between IRI 2 and 
IRI 7, and poor correlation above 7 IRI. When all results are banded together 
as one data set, the R2 obtained was 0.4, and the standard error was 1.88 IRI. 
 
This study is considered to be ‘early work’ and it was concluded that, the back 
propagation method may not have been too successful in training the fully 
connected ANNs with sigmoid activation functions.  
 
It was considered that it will be important to explore whether different 
processing of input data, learning rules, and transfer functions can perform 
more successfully. 
 
 
6.10.5 Study 2 – Roughness Level Probability Prediction using ANNs 
 
In this study (Huang and Moore 1997) multiple linear regression and two 
ANN structures are used to predict roughness distress level probability for 
bituminous pavements as defined the Kansas DOT. 
 
The input layer consisted of 17 independent variables including : 
1)  cumulative traffic expressed in 80kN equivalent single axle loads; 
2)  layer thickness and back calculated modulus values; 
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3) AASHTO regional factor and soil support values; 
4) simulated elastic layer responses with an 80 kN single axle dual 
tyre load on three layer system [asphaltic concrete overlay or 
original surface layer, bituminous base layer, and roadbed soil] 
 
The dependent variable is the probability of a certain roughness level 
occurring at some future time in the future, rather than the estimation of the 
value itself.  
 
The types of analysis compared were : 
 
1) Multiple Linear Regression – manual enter procedure in SPSS. 
2) Multiple Linear Regression – stepwise procedure in SPSS.  
3) ANN – Neuralworks Professional II/Plus version 5.2 – back 
propagation (BPNN) 
NN1 : 1 output PE 
4) ANN – Neuralworks Professional II/Plus version 5.2 – back 
propagation (BPNN)  
NN2 : 2 output PEs 
 
The regressions had success rates of between 68.86 and 90.47 percent for 
Group 1 and between 71.25 and 92.5 percent for Group 2. The enter procedure 
produced higher prediction rates than the stepwise procedure. 
 
ANN1’s success rate for Group 1 was between 72.97 and 92.31 percent and 
for Group 2 it was between 87.05 and 93.02 percent. 
 
ANN2’s success rate for Group 1 was between 75.68 and 93.33 percent and 
for Group 2 it was between 88.75 and 93.02 percent. 
 
To further compare the regression and neural network techniques, a second 
procedure for calculating success rates based on error tolerances was used (ie, 
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the difference between a predicted probability and the actual probability of 
being in a given roughness distress level). 
 
Based on the comparison of error tolerances (Table 6.2), it was concluded that 
the neural networks have better success rates than the regression methods. The 
two neural network approaches produced similar success rates. Hence, the 
double output node does not appear to be superior to the single node network, 
even though the double node network takes advantage of the ability of neural 
network technology to simultaneously predict more than one response variable 
from a given input data set. 
Table 6.2: Top Table – Success Rates (percent) for Group 1 Data 
Bottom Table – Success Rates (percent) for Group 2 Data 
(Huang and Moore 1997) 
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6.10.6 Study 3 – Roughness Prediction Model Based on the ANN Approach 
 
This paper (La Torre, Domenichini and Darter 1998) describes the application 
of ANN for the prediction of future roughness progression with time of a 
given flexible pavement section. Data from the LTPP database was utilised in 
its development and validation. 
 
The development of the ANN with IRI data measured annually over a period 
of about 5 years of time (although the sections themselves varied in age up to 
20 years) was demonstrated. 
 
The ANN was then used to predict the future IRI over a longer timeframe than 
the observations with success. However the results highlighted the importance 
of applying ANN to pavement sections that have characteristics in the same 
ranges as the pavements used for the training phase. 
 
The training of the ANN on the LTPP data set was made on 36 sections 
observed over a 4 year timeframe. The comparison between the predicted and 
actual IRI values after the training can be considered satisfactory with a Root 
Mean Square Error of 0.113 mm/m over the 144 data used. The output IRI was 
trained using input variables, current IRI, the age of the pavement, the 
pavement structure and modulus, climatic conditions, and traffic data. Feed 
forward back propagation networks were used. 
 
The testing phase concerned the pavement sections for which only limited data 
were available. In this case a RSME of 0.636 mm/m has been observed. To 
test also the capabilities of the network to extrapolate over the training 
interval, the network was also asked to estimate IRI of the years not used in 
the analysis for those sections for which more than 5 observations were 
reported. In this case the RSME was 0.536 mm/m. 
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It was deemed important to apply the ANN to pavement sections which have 
the characteristics in the same range as the pavements used in the training 
phase. 
 
Overall, the ANN prediction procedure produced reasonable IRI projections 
for several existing flexible sections.  
 
 
6.10.7 Study 4 – A Comparative Analysis of Two ANNs Using Pavement 
Performance Prediction 
 
Within the last 10 years, new modelling techniques, including ANNs, have 
been applied to transportation problems. The ANNs usually examined have 
been of a single type called a dot product ANN. This paper (Roberts, C. A. 
and Attoh-Okine 1998) examines a different type called the quadratic function 
ANN and compares the results to the dot product ANN. The quadratic 
function ANN is a generalised adaptive, feedforward neural network that 
combines supervised and self-organising learning. 
 
One aim in the design of this study was to make its methods and results as 
accessible as possible to the people within an agency who are charged with the 
day to day operation of their agency’s PMS. Toward that end, each of the two 
ANN models studied was developed using commercially available 
microcomputer software that lends itself easily to experimentation by 
agencies. 
 
Another challenge using actual data in the modelling process is the presence of 
some “noise” in the input data. Noise is usually thought of as random error, 
and the term comes from the information theory and engineering field that 
pioneered much of the early ANN work. Sometimes introduced deliberately to 
the input set used for training an ANN, noise usually helps the network learn 
more a general solution to the problem – this is an area that merits further 
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study. For this study, no new noise was deliberately introduced into the data, 
but existing noise was detected in some of the data sets. 
 
The quadratic function ANN model uses a quadratic activation function and a 
linear transfer function. This model is feedforward, has an architecture best 
described as hybrid, and uses a combination of supervised and self-organised 
learning. Sometimes called a generalised adaptive neural network architecture, 
it develops its own network architecture using the specified activation function 
through a self directed trial and error process. This type of network grows to 
fit the problem at hand and does not require the model developer to specify the 
number of layers or number of nodes. It uses evolutionary mechanism to 
develop it architecture . New layers are added provided they offer improved 
performance, measured in square output error. Autonet software has been 
used, and is based on GMDH (Group method of data handling). The most 
important feature of this kind of ANN is that it includes a procedure for 
building a near-optimal network. 
 
What is interesting about this model, as shown in Figure 6.17, is that the five 
layer configuration of the quadratic function ANN does not use all the data 
variables in mapping its solution. This selection of which input variables to 
use and which to omit is a self directed process done by the ANN’s algorithm 
described above. 
 
It is believed that the correlation coefficients of the testing sample are the best 
indicator of accuracy. By this measure, the quadratic function ANN model 
outperforms the dot product ANN with a coefficient of 0.74 compared to 0.57 
respectively. 
 
Both models are skewed in their errors. They primarily over predict the value 
of IRI below 125 (in/mi) while under predicting the values of IRI above 125 
(in/mi). 
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It was concluded that there is a significant improvement in pavement 
performance prediction when self-organising quadratic function ANNs are 
used in lieu of dot product ANNs. 
 
 
6.11 OTHER RELEVANT WORKS AND INFORMATION 
  
6.11.1 SHRP Program  
 
The United States (US) based Strategic Highway Research Program (SHRP) 
of long term pavement performance (LTPP) data will aid prediction of the 
performance of maintenance treatments on asphalt and concrete pavements. 
However, this performance data is not likely to be useful until at least 15 years 
of monitoring has occurred. In addition, most of the performance data is 
neither relevant nor adaptable to the bulk of Australia’s road network of 
granular pavements  (Martin and Roberts 1998). 
 
The Strategic Highway Research Program (SHRP) was a 5 year, $150 million 
research program that began in 1987. One aspect of the SHRP program was 
Long Term Pavement Performance (LTPP) program, which included the study 
of roughness progression. The 1998 in-progress report provides the following 
status update. The IRI data that were available in the database when this study 
commenced indicated that the GPS (General Pavement Studies) sections have 
on average been profiled four times over a 4 year period. For a majority of the 
sections, changes in IRI were minimal over this period. The pavements in the 
LTPP program should see increase in roughness over time resulting from 
traffic and environmental effects. However, the trend in roughness 
development cannot be observed for most of the sections from the data that are 
available for such a short period. In the short term data, variability caused by 
seasonal effects and profile measurements can mask the increase in IRI that 
occurs at the section. Long term monitoring data are needed to observe the 
true trend in development of roughness. 
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The analysis of flexible pavements (asphalt) on granular base (GPS-1) 
indicated that these type of pavements generally start off with low roughness 
but develop roughness more quickly and at lower traffic volumes than rigid 
pavements. Climatic conditions and subgrade conditions showed a strong 
relationship with IRI for GPS sections (Perera, Byrum and Kohn 1998). 
 
A sample of the research data is shown in Figure 6.19, and highlights the 
variability and linearity and of roughness progression patterns experienced 
over a four year period. These roughness progression patterns appear similar 
to those encountered by Paterson when developing the HDM-3 roughness 
progression model (refer also to  
Figure 6.13). 
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Figure 6.19 : Roughness Progression Rates – LTPP Project USA 
(Perera, Byrum and Kohn 1998) 
 
 
 85
6.11.2 Smooth Roads Last Longer 
 
Many of the models presented within this literature review, use the initial 
roughness value as a prime parameter in determining future roughness values. 
This clearly indicates that the initial value of roughness achieved at time of 
construction is important. 
 
An article in the US magazine Civil Engineering (Civil-Engineering-USA 
1998), summarises a National Cooperative Highway Research Program 
(NCHRP) study which examined the long term effects along with additional 
costs and benefits. 
 
The study concluded that a smoother road will last longer. This statement is 
based on the following summary of data analysis : 
• A 25% increase in initial smoothness produced a 9% increase in life. 
• A 50% increase in initial smoothness produced 15% increase in life. 
 
The article also stated that a 1996 Coopers & Lybrand survey showed that 
pavement smoothness is the primary concern of the travelling public.  
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7.0 REVIEW OF ROUGHNESS PROGRESSION MODELS   
 
It is apparent from reviewing the research literature since 1985, that the 
prediction of roughness progression is an extremely complex task which is 
affected by many variables. 
 
The ‘roughness progression rate’ (roughness units/year), or the change in 
roughness (ΔR) per annum, is a notion that many models use to calculate a 
pavement’s roughness progression, and thus align well with the aim of this 
project.  
 
This section considers roughness progression modelling in a pavement 
management context, the accuracy of modelled data, and summarises the 
models reviewed and discusses their usefulness. 
 
 
7.1 MODELLING IN A PAVEMENT MANAGEMENT CONTEXT 
 
There are many ways of modelling roughness progression, but very few 
models, if any, discuss the way in which roughness progression and the 
analysis of roughness progression fits into the overall pavement management 
task. 
 
Why does a pavement management context need to be considered in relation 
to a roughness prediction model? Four main aspects of the pavement task 
which could affect the way in which roughness progression modelling needs 
to be approached are : 
 
1. Frequency of data collection; 
2. Extent of data collection  (is roughness only collected, or are there 
other pavement condition data also collected); 
3. The cost of data collection; 
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4. The variety of people using the modelling data. 
 
Each of these points is expanded further below : 
 
1. For example, if roughness values are being recorded annually, then the 
system and methodology for prediction of roughness may be different 
to that required if roughness values were only being recorded once 
every five years. 
 
2. One of the concerns with the HDM-3 Incremental Model is that a large 
amount of distress data, which is expensive to collect, doesn’t appear 
to be considered after it has been used once. That is to say, the various 
distress data are collected and the model predicts forward based on 
these current conditions. However, it is not readily apparent that there 
is any systematic way of storing the condition data to provide 
refinement to the actual prediction model. That is, there needs to be 
cost effectiveness and purpose in the data collected. 
 
3. The cost of pavement condition data collection, processing and storage 
on a network basis, is probably one of the most real concerns in a 
pavement management environment. The amount and type of data is 
always traded off with the cost. Therefore, the usefulness of the data 
also needs to be quantified. In general, road managers tend to collect 
roughness data because it provides an objective and cost effective 
method of determining pavement condition, and they do not 
necessarily have the resources or funds to collect other detailed distress 
data at an acceptable level of accuracy. 
 
4. Another reason why a pavement management context is important, is 
because within the overall pavement management task there are 
different types of information required by field practitioners, life cycle 
modellers, mid term and long term works programmers. A good 
modelling system should be able to assist all of these functions. It is 
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not easily apparent from the literature if the current modelling methods 
provide this. 
 
Therefore, the above points need to be considered when appraising models for 
use in pavement management. 
 
 
7.2 PREDICTION ACCURACY OF MODELS  
 
7.2.1 Life Time Comparison of Models 
 
One of the difficulties of comparing models is that an extremely long time 
frame is required (greater than 20 years) if long term model predictions are to 
be compared to actual performance. 
  
Indeed, in an ideal world, the prediction accuracy of various models would be 
measured over at least a 20 year period. For example, a model or number of 
models would be used to predict the roughness progression at a certain date, 
the 20 years of prediction values would be ‘locked’ in and compared to the 
actual data over the period along with other key parameters such as 
maintenance costs. If during the period, the model is revised, then the original 
model should be saved for comparison, and reported in addition to the revised 
model prediction. At the end of the period a comparison of the models (and 
model revisions) for each pavement segment and the whole network should be 
reported. 
 
The above hypothetical example does not appear to have been achieved 
anywhere in the world, although there are a number of projects working to this 
aim.  
 
Therefore, it is important that engineers set up systems to test models over 
extended time frames, so that future generations can compare the accuracy of 
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various model types, and improve on the knowledge accumulated. 
 
 
7.2.2 Evaluation of Models 
 
Most models make comparisons of prediction accuracy by calculating the 
statistical coefficient of variation (R2) for the predicted values versus the 
actual values. 
 
A large proportion of roughness progression models predict future roughness 
values (Rt) using the pavement’s roughness at Age = 0 (R0) as a base reference 
value. The calculated change in roughness with time (ΔRt) is added to R0 to 
give Rt. The comparison between a predicted value and an actual value can be 
considered either in absolute roughness terms (Rt) or in terms of the change in 
roughness (ΔRt). Because Rt has a high correlation with R0, Martin (1996) and 
Paterson (1987) have determined that models should compare the R2 of ΔRt 
rather than R2 of Rt, in order to provide a true representation of a model’s 
predictive capability.  
 
A simplified example of this reasoning is given below : 
 
R0 = 65 counts/km 
RPred5 = 85 counts/km (ie. the predicted value at year 5 is 85 counts/km) 
RAct5 = 80 counts/km (ie. the actual value at year 5 is 80 counts/km) 
 
If the comparison analysis is based on the roughness value, Rt , a test of 
accuracy could be 0625.1
80
85 = ; that is, the difference between the 
actual and predicted values is only 6.25%. 
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If the analysis is based on the change in roughness, ΔRt , the test of 
accuracy would be 333.1
15
20 = ; that is, the difference between the 
actual and predicted value is 33.33%. 
 
The above simplified example shows that the high correlation between Rt and 
R0 (Rt is dependent on R0) gives a low percentage error, and the small 
magnitude of ΔRt  gives a large percentage error. 
 
Therefore, comparisons of R2 for ΔRt (change in roughness) generally give 
poor statistical results, even though it is theoretically the more correct test for 
comparison of modelled values versus actual values. 
 
However, the majority of roughness progression models reviewed only 
consider Rt when reporting the R2 value. This is probably due to the fact that 
engineers are more interested in the absolute roughness value rather than the 
measure of change in roughness value.  
 
An aspect of modelling accuracy that does not appear in the literature, is the 
time-related accuracy of a model’s prediction compared to actual roughness 
data.  
 
For example, an engineer may not be concerned with an absolute difference in 
roughness of 5 counts/km over a 5 year period (1 count/year), however, the 
engineer may be concerned with a 20 count/km difference over 20 year period 
(1 count/year). For clarity and comparison this example is expanded in Table 
7.1. 
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  Actual Roughness 
Values 
Predicted 
Roughness Values 
Predicted Vs Actual 
Comparison 
Elapsed 
Time 
R0 Rt ΔRt 
ΔRt/
Yr 
Rt ΔRt 
ΔRt/
Yr 
Rt  
Test 
ΔRt  
Test 
Year 5 65 80 15 3 85 20 4 6% 33% 
Year 20 65 125 60 3 145 80 4 16% 33% 
Table 7.1 Example of Roughness Comparison over Time 
 
The above example indicates that an acceptable scale of accuracy related to 
time should be investigated further. Any investigation into the time-related 
accuracy should also consider the type of roughness comparison (Rt or ΔRt) 
method to be used. 
 
  
7.3 DISCUSSION OF MODEL TYPES 
 
Based on the literature reviewed there appears to be four broad groupings of 
models, that are most commonly used. 
 
1) Causal Models. These models attempt to define the root cause or 
parameters of roughness progression. Equations are developed by 
subjecting the causal parameters to a variety of statistical techniques and 
mechanistic model forms. 
 
 
2) Family Group Data-Fitting Models. These models collect groups of data 
for similar type pavements. The average performance of each group or 
family is considered the representative deterioration curve. These 
relationship curves are generally only two dimensional in that they only 
plot age versus roughness (or other pavement condition data). Even though 
the final relationship is only two dimensional, it could be argued that they 
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have implicitly taken into account other multi-variables, by utilising an 
effective family grouping method. (ie. data for climate, subgrade type, 
traffic loading, structure type have been segmented into like groups). 
 
3) Site Specific Data-Fitting Models. For each individual pavement 
segment, the roughness data is plotted to determine the actual history of 
progression, with the future prediction being based on the current 
information. The general shape and boundary conditions of the curves are 
based on engineering judgement and analysis. The average family curve is 
generally not used, unless the historical data is inconclusive.  
 
4) Pattern Recognition Models. Artificial Neural Networks can store and 
recognise complex patterns described by many independent variables. 
When establishing a future prediction, the ANN relies on past similar 
patterns to predict the performance of the pavement. 
 
 
7.3.1 Causal Models 
 
These models attempt to explain the root cause of roughness progression and 
include such models as : 
 
• HDM-3 Incremental Model; 
• HDM-3 Aggregate Model; 
• ARRB TR Project Model; and 
• ARRB TR Network Model 
 
The HDM-3 Incremental Model and the ARRB TR Project Model base their 
predictions on detailed surface distress data (potholing, cracking, patching) as 
well as pavement age, traffic loading, modified structural number, 
environment and initial roughness of the pavement. 
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Seven out of nine world applications of the HDM-3 Incremental model 
reviewed, have concluded that it was not suitable. 
 
The ARRB TR Project Model has not been extensively used. It is unclear if 
the interactions between the submodels is similar to the HDM-3 Incremental 
Model. 
 
The data required for these models is extensive and is not widely available for 
pavements in Queensland. It is not proposed to use either of these two models 
in further modelling or comparison work. 
 
The HDM-3 Aggregate Model and the ARRB TR Network Model are both 
functions of initial roughness, structural number, traffic loading, environment, 
and age, with the ARRB TR Network Model also using Maintenance 
Expenditure. 
 
On the basis that initial roughness data would only be available for  some 
pavements and the modified structural number could be calculated from a 
relationship between Traffic Loading and SNC (Roberts, J. D. and Roper 
1998) (Figure 5.1 p22), then it is possible that some comparisons of these 
models could occur. 
 
It is recommended that some limited comparison of these two methods with 
ANNs and site-specific modelling be undertaken. 
 
 
7.3.2 Family Group Data-Fitting Models  
 
Four out of the seven methods summarised in Section 6.2 included data-fitting 
using grouped family data. 
 
Cardosa (1998) concluded that roughness progression predictions were more 
accurately reflected by curve fitting of grouped data, than that calculated by 
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the HDM-3 Incremental Model (1987) or Queiroz’s (1981) roughness 
progression prediction method. Grouping the families was based on pavement 
segments with similar deterioration characteristics, pavement rank, surface 
type, zone, and PCI. Cardosa explains that five line types (linear, logarithmic, 
polynomial, power and exponential) were fitted through the data, with the best 
fit curve, determined by R2, being adopted as the family curve. 
 
Other works (Al-Suleiman, Kheder and Al-Masaeid 1992; Johnson and Cation 
1992) provide similar accounts of the development of family performance 
curves. 
 
The advantage of using the family techniques is that additional data can easily 
be added in the future to update the family curves. 
 
In modelling a pavement’s roughness progression, the pavement is identified 
as belonging to one of the available families, and the average roughness 
progression curve for that family is applied. Hence, the inherent disadvantage 
of this model type is the averaging effect.  
 
Therefore it is not recommended that these model types be investigated 
further. 
 
 
7.3.3 Site Specific Data-Fitting Models  
 
Four out of the seven methods summarised in Section 6.2 included data-fitting 
using individual pavement segments. 
 
Cheetham (1998) used a site specific model, that is, each pavement section is 
analysed in terms of the historical performance in order to determine model 
coefficients that most closely match the past performance for the section. This 
involves the use of an iterative non-linear regression analysis to determine the 
model coefficients. The advantages of the site specific modelling approach 
 95
over other models is that the site specific models more closely match the 
observed performance on every section in the network, instead of representing 
the average condition. The model is also auto-adaptive since each year of 
additional data collection results in a refinement of the model for each section. 
This results in minimised prediction errors over the network.  
 
The work recorded by Cheetham indicates a method that operates in a 
pavement management context. One area that would need to be investigated is 
the changing of future predictions based on the inclusion of annual condition 
data. There would be some concern if the prediction was changing every year, 
and therefore it would interesting to find out if there is a mechanism of saving 
and storing each prediction over a 20 year period to compare the actual 
fluctuation in prediction. 
 
Hajek (1985) reviewed the prediction capabilities of five model types, 
including a mechanistic approach, empirical pavement families, empirical site-
specific Power curve, empirical site-specific Sigmoidal curve and a site-
specific Bayesian approach. It was concluded that the site specific methods 
were superior in prediction capabilities and that the Power curve consistently 
provided more reliable predictions. 
 
A polynomial curve (Ping and Yunxia 1998) and a S-shaped curve (providing 
shapes including straight, convex, concave and S-shaped) (Garcia-Diaz and 
Riggins 1985) have both been used successfully at the individual pavement 
segment level. 
 
It could be concluded that the application of data fitting techniques to 
individual pavement segments, provides better pavement condition prediction 
capabilities than the average family curve approach. It should be noted that 
family curves are still applied in some instances where insufficient data is 
available.  
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The site-specific models are an attractive methodology for roughness 
progression prediction and it is recommended that their use, and in particular 
sigmoidal curves, be investigated further.  
 
7.3.4 Pattern Recognition Models 
 
The use of Artificial Neural Networks (ANNs) should probably be defined as 
‘not yet proven’ as there use has only been limited to a few studies in the 
roughness progression prediction area. 
 
The studies that have been undertaken indicate that ANNs are likely to 
perform better than regression analysis, and a quadratic function ANN with 
self-organising capabilities will outperform the traditional dot-product type 
ANN. 
 
The attraction of ANNs is their ability to store and analyse patterns, and the 
many variables that may be associated with that pattern, and then to recognise 
this pattern in ‘new data’ to predict future condition.  
 
For example, a pavement with historical roughness data has a defined 
roughness progression pattern, this information could be coupled with 
information such as annual rainfall, subgrade zone, traffic loading, pavement 
structure, annual pavement maintenance costs etc. The roughness progression 
prediction would then be based on other similar pavements at a site-specific 
level, but using the power of the ANN to recognise the pattern and the 
associated prediction. 
 
These type of prediction models may prove useful and should be investigated 
further. 
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7.4 TYPES OF ROUGHNESS MODELLING REQUIRED FOR 
PAVEMENT MANAGEMENT 
 
Giving due consideration to the models reviewed and practical knowledge of 
pavement management practices required at different levels within a road 
management organisation, it is proposed that three distinctly different types of 
roughness progression information is required. These three types are : 
 
1. Information for Field Practitioners (linear models); 
 
2. Trends of interaction between multi-variables for broad policy and 
specification reviews  (multiple regression models); 
 
3. Detailed roughness progression prediction models  
(many different model types to chose from). 
 
The three types of roughness progression information are discussed in more 
detail below : 
 
1. Information for Field Practitioners  (linear models) 
 
The majority of models reviewed did not appear to provide any basic 
summary of the actual roughness progression for a pavement over its life. 
This type of information is considered important for use in comparing the 
general performance of a road network and highlighting the poor 
performing pavements that may need further detailed investigation by field 
practitioners.  
 
It is understood that the site-specific linear model proposed, has many 
limitations, but it is also acknowledged that a simple tool such as this 
would provide field practitioners with summary information enabling 
effective prioritisation of field investigations and subsequent works 
programs. Therefore, the linear model is not considered a prediction 
 98
model, but rather is a historic reporting model which forms part of a suite 
of roughness progression information. 
 
It is proposed that the following linear information would be useful for all 
pavement segments. 
 
- current linear rate of roughness progression 
(say, 3 to 5 year time frame); 
 
- current life time linear rate of roughness progression; 
 
- average roughness progression rate for that particular pavement 
family group. 
 
The above three parameters indicate whether the current rate is different to 
the average life rate and the average group rate. This would assist in 
determining to what extent the pavement is in a state of decline. 
 
For example, although a pavement might not have followed a linear path 
of roughness progression, practitioners tend to synthesise the information 
into a linear rate for comparison purposes. In other words, a pavement that 
is averaging a rate of 5 counts/km/year over the past five years, may 
warrant detailed site investigation considering that the 10 year life 
roughness progression rate is only 3 counts/km/year and the pavement 
family group’s average rate of roughness progression is 2.5 counts/km/yr. 
 
The linear roughness progression information would be further enhanced 
for the practitioner if the amount of routine maintenance expenditure on 
pavement defects, or a pavement routine maintenance index, was reported 
adjacent to these values. 
 
A road network distribution frequency (also refer to Figure 9.1, p110) of 
the linear roughness progression rates would also provide pavement 
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managers with a useful management tool. Refer to Section 9.1 for more 
discussion and detail. 
 
 
 
2. Trends of interaction between multi-variables for broad policy and 
specification reviews (multiple regression models) 
 
It is considered that regression analysis, such as that used in family group 
roughness progression prediction models, provides relationships that are to 
broad to provide accurate roughness progression for each individual 
pavement segment within an entire road network. However, this type of 
analysis is seen as an important component of pavement management 
because it provides broad understanding of the relationships between 
roughness data and the other independent variables. This type of 
information appears to be invaluable for policy evaluation and 
specification review purposes. 
 
Hypothetical examples of such information include : 
 
- the loading effect of road trains explain 20% of the roughness 
progression of pavements. 
 
- pavements in high rainfall areas (> 1000mm/yr) deteriorate 25% 
faster than dry climate pavements. 
 
- In a maintenance system that provides timely routine 
maintenance and resurfacing maintenance, the roughness 
progression rate of a pavement increases between 2% and 4% per 
annum.  
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3. Detailed roughness progression prediction models. 
 
A detailed roughness progression model is required such that the following 
pavement management functions can be performed accurately. 
 
- economic life cycle analysis (project level treatment selection) 
 
- distribution of road funding (strategic analysis) 
 
- affordable levels of service and intervention standards analysis 
(strategic analysis) 
 
The model types that could be considered in this process include the 
HDM-3 Aggregate Model, ARRB TR Network Model, Site-Specific  
Data-Fitting Model and an ANN based model. 
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8.0 SUMMARY AND MAJOR FINDINGS   
 
8.1 ROUGHNESS 
 
Roughness is literally the measure of how uneven or irregular a road surface 
is. It is a useful term for the condition of a pavement, because it is a condition 
experienced directly by motorists.  
 
A 1996 Coopers & Lybrand survey, undertaken in the United States, showed 
that pavement smoothness is the primary concern of the travelling public 
(Civil-Engineering-USA 1998). 
 
The study of roughness progression with time is a complex phenomenon and 
is viewed by Paterson (1987) as a composite distress comprising components 
of deformation due to traffic loading and rut depth variation, surface defects 
from spalled cracking, potholes, and patching, and a combination of aging and 
environmental effects. 
 
Roughness is seen as an important road condition measure right across the 
world. Martin (1996) summarises that roughness is the most widely used 
condition parameter because roughness data is relatively inexpensive to 
capture, it is an objective measure, it correlates well with road user costs and is 
accepted as the most relevant measure of the long term functional behaviour of 
a pavement network.  
 
Roughness and the rate of roughness progression are studied to provide sound 
engineering, financial, and economic decision making methods. Uses of this 
information include : 
 
- Development of maintenance strategies; 
- Prediction of remaining life and overall network condition; 
- Evaluation of affordable programs; 
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- Estimate of future needs; 
- Estimate of future condition based on various funding scenarios; 
- Financial Asset evaluation ; and 
- Optimal road treatment selection based on road user costs. 
 
Subsequently, the prediction of future roughness progression has been 
exhaustively studied over the past 20 years. The models types most commonly 
used are summarised in Section 8.3. 
 
A review of the literature indicates that the major factors influencing the 
roughness progression of a pavement include : 
 
- Traffic loading and type of vehicles, including cumulative 
loading 
- Pavement type and structure (including seal width) 
- Pavement strength 
- Subgrade strength or classification 
- Climate/environment  
(eg. Rainfall, temperature, Thornthwaite Index) 
- Maintenance costs 
- Time or pavement age 
 
All of the above influences have a deleterious effect on a pavement’s 
roughness with the exception of maintenance costs, which can improve the 
roughness condition of a pavement. 
 
Current granular pavement design methods do not use roughness as a direct 
pavement design input parameter. However, the parameters used in pavement 
design are also often required for detailed roughness progression modelling. 
Thus there is an indirect link between pavement design theory and roughness 
progression modelling. 
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8.2 MEASUREMENT OF ROUGHNESS 
 
In Australia, both the NAASRA Roughness Measurement (NRM) and the 
International Roughness Index (IRI) are used.  
 
The NRM is measured by a vehicle mounted mechanical response device, 
whilst the IRI is a calculated index based on the road profile which is 
measured by laser profilometers. The IRI is based on computation of the 
dynamic response to longitudinal road profile of a much simplified vehicle 
(‘quarter-car’) model (Cairney, Prem, Mclean et al. 1989). 
 
The laser profiling of roads has led too much detailed investigation of road 
profile characteristics. Two major areas of study of the road profile are Power 
Spectral Density (PSD) and Spatial Repeatability. 
 
In summary, PSD is the study of roughness wavelength and frequency, 
whereas Spatial Repeatability is the theory that heavy vehicles induce 
harmonic frequency  roughness on a road surface due to vehicle suspension 
characteristics. Both of these study areas conclude that the dynamic loading of 
pavements does occur for certain roughness wavelengths.  
 
It is hypothesised that a pavement subjected to a dynamic load, which induces 
additional distress on the pavement structure, would most likely manifest itself 
by showing an increased roughness progression rate over time. 
 
 
Analysis of PSD work is usefully summarised in Table 8.1. 
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Roughness 
Wavelength 
Ride 
Characteristic 
Waveband 
(Wavenumber cycle/m) 
Pavement 
Distress Mode 
Very Short 
Wavelength - 0 to 0.5m (0 – 2) 
Related to 
surface texture 
Short Wavelength 
Roughness (SWR) 
Associated with 
axle hop in truck 
roughness 
0.5 to 2.0m 
(2 – 0.5) 
Associated with 
defects in the 
upper pavement 
layers, base or 
subbase. 
Medium Wavelength 
Roughness (MWR) 
Associated with 
axle hop in truck 
roughness 
2.0m to 3.0m 
(0.5 – 0.33) 
Associated with 
deformations in 
the subgrade 
Long Wavelength 
Roughness (LWR) 
 
Associated with 
body bounce in 
truck roughness 
3.0 to 35.0m 
(0.33 – 0.028) 
Linked to 
subsidence or 
heave of the 
subgrade 
Very Long 
Wavelength - 
35.0 to 100m 
(0.028 to 0.01) 
Corresponds to 
wavelengths 
found in smooth 
pavement after 
construction 
Table 8.1: Power Spectral Density (PSD) – Wavelength Definition  
(After Hassan, R A, McManus and Evans 1998) 
 
The analysis of PSD has also resulted in other indices such as a Truck Ride 
Number (TRN) and Profile Index (PI) in an attempt to relate the road’s profile 
to truck ride characteristics rather than those of a car. However, research to 
date indicates that car roughness (IRI) has a high correlation with these indices 
and therefore roughness is considered to be a good measure for both car and 
heavy vehicle traffic. 
 
Therefore, it has been concluded that the study of pavement roughness 
progression rates will indirectly consider dynamic loading identified by PSD 
analysis or dynamic loading caused by Spatial Repeatability. 
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8.3 ROUGHNESS PROGRESSION MODELS 
 
A great deal of effort has been invested in the study of the roughness 
progression of pavements over time. Three major efforts include the 
development of the World Bank’s HDM-3 model between 1974 and 1987, and 
the current Long Term Pavement Performance (LTTP; ex SHRP) program in 
the United States which commenced in the early 1990s, and the ARRB LTPP 
sites monitored since the early 1990s. 
 
Each of these studies indicate that roughness progression is complex and much 
variability in the rates of roughness progression is experienced for similar 
pavement types. 
 
The major model types currently used through out the world have been 
categorised into the following four groups entitled, Causal Models, Family 
Group Data-Fitting Models, Site Specific Data-Fitting Models and Pattern 
Recognition Models. 
 
1) Causal Models attempt to define the root cause or parameters of 
roughness progression. Equations are developed by subjecting the causal 
parameters to a variety of statistical techniques and mechanistically 
derived equation forms. Examples of this type of model include the  
HDM-3 Incremental Model, HDM-3 Aggregate Model, ARRB TR Project 
Model, and ARRB TR Network Model. 
 
2) Family Group Data-Fitting Models predict future roughness progression 
based on the average deterioration curve for a series of similar type 
pavements.  
 
3) Site Specific Data-Fitting Models base the future prediction for each 
individual pavement segment on the actual history of progression. 
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4) Pattern Recognition Models such as Artificial Neural Networks (ANNs) 
can store and recognise complex patterns described by many independent 
variables. When establishing a future prediction, the ANN relies on past 
similar patterns to predict the performance of the pavement. 
 
 
A review of the above models has shown that because of the varying 
individual performance displayed by many pavements, the Site Specific  
Data-Fitting and ANN Models fit well into a pavement management 
environment and provide a greater accuracy of roughness progression 
prediction when compared to multi-variable regression and family grouping 
techniques.  
 
However, these two model types should be compared against other models 
such as the HDM-3 Aggregate Model and the ARRB TR Network Model in 
order to determine the relativity and accuracy of these methods. 
 
Giving due consideration to the models reviewed and the pavement 
management practices required at different levels within a road management 
organisation, it is proposed that a suite of roughness progression models is 
required. The suite consists of three model types as listed below. 
 
1. Information for Field Practitioners (linear models); 
 
Linear modelling has not been identified in previous research. It is 
anticipated that this new approach will provide useful information 
to field practitioners. The linear model is not a prediction model, 
but rather is a historic reporting model. The linear model is just one 
part of a suite of roughness deterioration information indicated by 
points 2 and 3 below. A detailed explanation can be found in 
Section 7.4. 
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2. Trends of interaction between multi-variables for broad policy 
and specification reviews  (multiple regression models); 
 
Many roughness progression prediction models have been 
developed based on the average performance of pavements. The 
inherent disadvantage of this method is the averaging effect applied 
to all pavements regardless of the pavements previous deterioration 
history. Because of the high degree of individuality in pavement 
performance, it is suggested that multiple regression equations 
should not be used for roughness progression prediction, unless a 
very high R2 value ( ≥ 0.9) exists. 
 
Therefore, it is proposed that multi-variable regression should be 
used to determine general trends and relationships that may assist 
in the understanding of pavement deterioration and thus be used in 
the development of policy and specifications. 
 
  
3. Detailed roughness progression prediction models  
(Site Specific Data Fitting Models, ANNs etc) 
 
These models are used to provide accurate long term roughness 
progression prediction for use in engineering, financial and 
economic decision making and reporting. 
 
 
8.4 FURTHER RESEARCH 
 
Improvement in the prediction accuracy of roughness progression modelling is 
very much dependent on further research into the following areas. 
 
• Establishment of Long Term Pavement Performance (LTPP) 
projects for the study and examination of the deterioration of 
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granular pavements under a variety of Australian conditions. 
 
 
• Development of an industry accepted consistent methodology to 
compare the accuracy of long term model predictions given by a 
number of different models. 
 
The above research should investigate if a time-related accuracy 
relationship should be developed for the comparison of different 
model types. Refer to Section 7.2 for more detail.  
 
• Development of a linear roughness progression model for use by 
field practitioners. 
 
• Development of multi-variable regression relationships to assist in 
the understanding of pavement deterioration and thus be used in the 
development of policy and specifications. 
 
• Comparison of the accuracy of detailed roughness progression 
prediction models, including (in order of preference) 
- Site-specific sigmoidal curve data fitting 
- Artificial Neural Networks 
- Paminet Scenario 
(Current Queensland DMR Family Curves approach) 
- ARRB TR Network Model (limited testing and comparison) 
- HDM-3 Aggregate Model (limited testing and comparison) 
 
The outcomes of the above model comparisons are to be used in 
determining which models should be use in a long term comparison 
project.  
 
• Establishment of a long term project to compare actual roughness 
progression against predicted roughness progression using suitable 
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models identified by the research work outlined in the previous 
paragraph. (DMR Queensland should consider the implementation 
of such a project upon the completion of the work proposed in this 
thesis.) 
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9.0 RESEARCH  PROPOSAL 
 
9.1 BROAD AIM FOR RESEARCH ON ROUGHNESS PROGRESSION 
 
If every pavement section on the road network was represented by its current 
roughness progression rate, and the distribution frequency of these rates was 
plotted for the entire road network, a profile similar to that shown by the solid 
line in Figure 9.1 would most likely be evident. 
Figure 9.1 : Road Network  Roughness Progression Profile 
 
The broad aim of research is to identify and reduce the number of poor 
performing pavements. In terms of the graph above, the poor performing 
pavements are those with high roughness progression rates. Once they have 
been identified, research and investigation can be undertaken to understand the 
trends and causes of these high rates of pavement deterioration in order to 
derive new specifications and policies that will extend the life of these type of 
pavements. In doing this, the Network profile may be reshaped to the profile 
shown by the dotted line in the graph above. The resultant effect is an increase 
in pavement life and therefore a decrease in the overall annual rate of road 
replacement expenditure. The subsequent savings may then be used to provide 
better levels of service for the road user. 
Road Network Profile
Roughness Progression Rate
Fr
eq
ue
nc
y
Curve Now
Curve Future
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9.2 SPECIFIC AIM FOR THIS RESEARCH PROJECT 
 
The aim of this research project is to determine accurate methods of 
calculating a pavement’s Roughness Progression Rate and thus accurately 
predict the roughness profile of any given road network element over time. 
 
A by-product of this research will be to identify the poor performing 
pavements such that other research work can be designed to investigate the 
causes in more detail. 
 
Specific research details for this project are outlined in Section 9.4. 
 
 
9.3 DATA  SOURCE 
 
The data made available for this study by DMR, will mostly consist of 
unbound granular pavements surfaced by a thin chip bitumen seal.  
 
Queensland’s pavements show quite a marked variation in seal width, 
pavement depth, traffic volume and traffic loading all of which will make an 
interesting group of pavements and variables to study. 
 
In general, DMR maintains the surface and pavement of its network in a safe 
and reasonable condition until the end of the pavement’s life. Routine 
maintenance is undertaken using the same methodical approach all over 
Queensland and requires maintenance providers to perform work to a 
prescribed standard for an agreed contract rate. Resurfacing maintenance has 
been one of DMR’s principal maintenance activities in the past, and is 
generally performed on a consistent return period of between 7 to 10 years for 
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bitumen reseals, and 12 to 16 years for asphalt surfaces. These return periods 
result in a majority of surfaces being maintained in a fair to good condition. 
 
From a broad viewpoint, it is generally thought that there are two major types 
of road deterioration within the Queensland system : 
 
a) The majority of pavements tend to have most of their major 
concerns kept under control by routine maintenance and 
resurfacing activities. These pavements become consistently 
rougher with time, and maintenance costs increase with time, but 
they do not experience catastrophic failure. 
 
b) Some pavements experience catastrophic failure at a seemingly 
random stage in their life. These pavements are generally in the 
minority and tend to receive high amounts of maintenance funds 
until the pavement can be rehabilitated and/or reconstructed within 
a short period of time. Because roughness measurements are only 
taken annually or bi-annually, the deterioration process most likely 
would not have been measured and could not be successfully 
analysed within a project that is studying long term data. 
 
Due to the frequency at which pavement roughness is measured, it is expected 
that the analysis undertaken by this project will be limited to detecting the 
range of long term roughness progression rates experienced by the road 
network. Catastrophic failure will not be able to measured or modelled. 
 
Cross-sectional analysis of time-series data over a period of 5 years or greater 
has commonly been used for studies of roughness progression (Paterson 1987; 
Perera, Byrum and Kohn 1998). This technique has been used because 
established long term data (20 years or greater) is not available.  
 
The Queensland data in this study will also use a cross-sectional analysis of 
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time series data for a time period of between 3 to 13 years. 
 
 
9.4 A STRUCTURED RESEARCH PROGRAM 
 
Based on this literature review, it is believed that the following research tasks 
should be implemented. 
 
These tasks are consistent with Gordon’s (1984) notion that the monitoring of 
pavements is required in order to provide information on the manner in which 
they perform and behave. Such information can be applied to decision making 
processes in Strategic Planning, asset management, current and future network 
performance, pavement design (checking of current processes), and 
identification of future rehabilitation works. 
 
 
1) Data extraction and purification. 
 
Data will be extracted from a central database and purified utilising 
statistical software. DMR has agreed to the involvement of district based 
engineers and pavement management staff to assist in the data purification 
process. 
 
 
2) Roughness progression trend identification. 
 
The roughness progression trends for each individual pavement segment 
will be plotted against time. (Paterson 1987; Perera, Byrum and Kohn 
1998) 
  
The observed trends will be summarised and examined.  
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3) Simple Linear Based Roughness Progression. 
 
Even though a pavement might not follow a linear path of roughness 
progression through out it’s life, field practitioners tend to synthesise the 
information into a linear rate for comparison purposes.  
 
Four linear based calculations that assist decision making will be 
developed. These are : 
 
a) the current linear rate of roughness progression 
(say, 3 to 5 year time frame); 
 
b) the current life time linear rate of roughness progression; 
 
c) the average roughness progression rate for that particular 
pavement family group; and 
 
d) the graphical presentation of the distribution frequency of the 
linear rate of roughness progression for family groups and the 
entire road network. 
 
The first three calculations indicate whether the current rate is different to 
the average life rate and the average group rate. This assists in determining 
to what extent the pavement is in a state of decline. The fourth calculation 
and subsequent distribution graph, will assist decision makers in 
understanding the performance of the road network. 
 
Methods for calculating each of these linear roughness progression rates 
will be developed. The family group analysis listed in (c) and (d) will only 
be undertaken after step 4 has been completed.  
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4) Investigation of relationships between roughness  
and independent variables 
 
This analysis will : 
 
a) Determine the variables that explain roughness and/or linear 
roughness progression rates; 
 
b) Use the analysis in (a) to establish statistically significant 
family groups for further analysis in step 3(c), 3(d) and the 
site-specific models listed in step 5;  
 
c) Use the analysis in (a) to establish which variables should be 
used in the development of an Artificial Neural Network in 
step 5; 
 
d) Use the analysis in (a) and (b) to define broad trends and 
relationships that will assist in broad policy making. 
 
The minimum variables to be investigated include pavement age, traffic 
loading, traffic loading by heavy vehicle type, climate zones, rainfall zone, 
temperature zone, linear roughness progression rate, maintenance costs, 
subgrade type, seal width and pavement structure. 
 
It should be noted that it is not the intention of the analysis in this step to 
determine a regression function that accurately predicts roughness 
progression. 
 
5) Comparison of models 
 
Experimentation will compare the following roughness progression model 
types at a pavement segment level and a network level basis (listed in 
order of preference) : 
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• Site-specific sigmoidal curve data fitting 
• Artificial Neural Networks 
• Paminet Scenario (Queensland Main Roads software) 
• ARRB TR Network Model (limited testing and comparison) 
• HDM-3 Aggregate Model (limited testing and comparison) 
 
The aim of this step is to determine the differences between the model 
types in order to establish which method is considered of adequate 
accuracy for use in current roughness progression modelling and to also 
determine which methods should be used in a long term comparison 
project. 
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